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Modern humans originated in Africa around 200,000 years ago and today have settled
in nearly every corner of earth. During migrations humans became exposed to new
pathogens, food sources and have encountered vastly different environments. Natural
selection likely contributed to the survival under such diverse conditions by promoting
the raise in frequency of advantageous alleles. Thereby natural selection leaves genetic
footprints that we can identify. The thesis at hand is about understanding how natural
selection has shaped different human populations by analyzing these genetic footprints.
In the first study, I infer the evolutionary history of an insertion-substitution variant
using present-day human genomic data. This variant is interesting because the ancestral
allele encodes a previously unannotated open-reading frame for a gene with antiviral ac-
tivity (IFNL4 ), while the derived allele truncates this open-reading frame and is strongly
associated with improved clearance of Hepatitis C, a major health care problem. Using
an approximate bayesian computation approach I infer a complex evolutionary history,
where the derived, truncating allele evolved under weak positive selection in Africa, with
selection strength increasing in non-African populations, especially in East Asian popu-
lations where the truncating allele is nearly fixed today. Hence, the changes in selection
and resulting population differences in allele frequency contribute to the variation in Hep-
atitis C clearance observed across human populations today.
In the second study, I use ancient human genomes to estimate genome-wide allele
frequencies in the past to understand present-day population differentiation. I develop
a new statistic and incorporate the genome of Ust’-Ishim, a modern human that lived
45,000 year ago in Siberia, to study to what extent natural selection and drift have
contributed to human population differentiation. The results suggest that European
populations carry high frequency alleles in protein-coding (genic) regions that evolved
under strong, recent positive selection. Further, the genic alleles that rose in frequency
recently in Europeans were already present in ancient hunter-gatherers more often than
in ancient farmers. This suggests that during the colonization of Europe local, positive
selection changed the frequency of advantageous alleles in hunter-gatherer populations
prior to the influx of farming individuals and those alleles remained beneficial also in the
later admixed populations.
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Summary
Introduction
Natural selection has shaped all life on earth including ourselves, Homo sapiens. Natural
selection is the process that increases reproductive success through phenotypic variation,
which can be mediated by genetic changes, thus heritable traits. There are three types of
natural selection affecting genetic diversity within and/or between populations, (i) posi-
tive selection, where an advantageous allele increases in frequency, (ii) purifying selection,
where alleles that negatively affect the phenotype are removed, and (iii) balancing selec-
tion, where different alleles are maintained (reviewed in [1]). This dissertation revolves
around the detection of positive selection in human populations, and I will subsequently
focus on this type of natural selection. During the last two decades, genomic variation
in thousands of human individuals from diverse geographic regions has been identified
(e.g. [2, 3, 4]). Numerous efforts have been made to infer loci that carry signatures
of positive selection using these catalogs of human genetic variation (e.g. [5, 6, 7, 8]).
Since the availability of whole-genome data, approaches to detect positive selection of-
ten use a summary statistic(s) and take outliers from the genome-wide distribution as
candidates for selection [9]. However, human demography, especially bottlenecks like the
out-of-Africa migration, can mirror patterns associated with positive selection and thus
lead to false positives [10]. Further, genome-wide scans for signatures of positive selection
identify broad loci and usually lack the resolution to identify the underlying functional
target and therefore the biological implications often remain enigmatic. Here, I present
two studies that contribute to our understanding how positive selection affected human
populations genotype and phenotype. First, using present-day human genome sequences
I analysed the evolutionary history of a variant that truncates a newly discovered gene
and is associated with Hepatitis C virus clearance. Second, I studied alleles strongly
differentiated in non-Africans compared to African populations using ancient genomic
information to separate targets of positive selection from targets that changed allele fre-
quency likely due to demographic events.
Traditionally, positive selection is explained by the hitch-hiking model, also known as a
hard sweep, in which a new and advantageous allele increases in frequency together with
its linked neutral variation [11]. However, another model in which the advantageous allele
is already present in the population before it becomes advantageous, i.e. a soft sweep, has
recently gained considerable empirical [12, 13, 14] and theoretical [15, 16, 17, 18] support.
Here the advantageous allele is neutral at appearance and its fate is dependent on drift
until it eventually becomes advantageous due to an environmental change. The associ-
ated signatures of selection on linked sites are thus weaker under this model than under a
hard sweep, and therefore soft sweeps are more difficult to detect [18]. This limitation can
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be overcome by using computational inferences like approximate bayesian computation
(ABC), where different selection models are simulated to infer the evolutionary scenario
that best explains the observed genetic data, including associated parameters such as age
of the alleles and selection strength etc. [19]. This approach is computationally intensive
and for now only feasible for single target loci (e.g. [13]).
Traits common to all humans like bipedalism or speech were likely established through
positive selection. However, positive selection has also contributed to traits which are
private to certain populations, because of differences in their environmental conditions,
e.g. lactase persistence [20] or skin pigmentation [21]. Thereby, for a few well understood
examples we are quite certain that positive selection contributed to allele frequency differ-
ences between human populations. Interestingly, strongly differentiated alleles between
human populations are enriched for variants that fall in or near protein-coding (genic)
regions, probably because functional effects are more likely in such regions [22]. However,
such genic enrichment could, at least in part also be explained by increased drift due
to background selection [10, 23], which describes the loss of neutral diversity because
of linkage to deleterious sites [24, 25]. Background selection was amplified during the
out-of-Africa bottleneck because only few individuals migrated onto the Eurasian conti-
nent, likely influencing the differences between African and non-African populations [26].
Taken together, there is evidence that differences in allele frequencies between popula-
tions can be explained by both positive selection and non-adaptive processes. So far, it
is unknown to what extent positive selection influenced the allele frequency differences
leading to the geographic distribution of alleles observed today.
One key shortcoming in the analysis of population differentiation is that only data from
present-day human populations has been available. Such data informs on the current
status of allele frequencies but it lacks precise information on when and where a given
allele appeared. The recent sequencing successes for ancient genomes help to overcome
this limitation and provide snapshots of the human genetic make-up back in time. Even
though ancient DNA samples are still limited in number and often lack high quality,
they have already provided exciting insights into human population history (e.g. human
admixture with Neanderthals [27], human admixture with an unknown, archaic hominin
[28], and complex European demography [29, 30, 31]). The unprecedented availability of
genomic data from various ancient human populations allows us to re-visit open ques-
tions and to shed light on the processes leading to the geographic distribution of allele
frequencies observed today.
Research Purpose
Here, I present two studies that aim to give a deeper understanding on the evolutionary
history of human populations. In chapter 1, I investigate an allele described for two phe-
notypic effects, first it has been shown to truncate the open reading frame of an anti-viral
protein and, second it shows association with Hepatitis C virus clearance [32]. In this
study I explore the hypothesis that the truncating allele evolved under positive selection
in human populations. I elucidate signatures of natural selection and the exact mode
of selection (neutrality, hard sweep, or soft sweep) with its associated parameters (time
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of appearance, selection strength etc.). In chapter 2, I address the question to what
extent positive selection and drift have contributed to allele frequency differentiation be-
tween African and non-African populations. Using whole-genome data of a 45,000 year
old Eurasian individual I estimate if allele frequency changes happened within the last
45,000 years (likely through positive selection) or before (likely through drift) in non-
African populations. Further, I analysed genomic data of ancient European individuals
stemming from hunter-gatherer or farmer populations to understand the origin of the
differentiated alleles.
Chapter 1 - Selection on a variant associated with im-
proved viral clearance drives local, adaptive pseudog-
enization of Interferon Lambda 4 (IFNL4)
Humans exhibit variation in genetic susceptibility to diseases. Given that pathogens are
strong selective agents, variants affecting pathogen clearance are potential important tar-
gets of natural selection. Genetic association studies of Hepatitis C virus (HCV) clearance
revealed a strong association with genetic variation in a region of chromosome 19 that en-
codes several antiviral type III interferon genes (IFNL1-3 ) [33, 34, 35]. However, several
attempts failed to show unequivocal functional effects of known variation in the region
that could explain the difference in HCV clearance [36, 37, 38, 39, 40, 41]. The genetic
variant responsible for the association with HCV clearance was unknown in that region
until a new gene (IFNL4 ) was discovered together with a variant that truncates it open
reading frame [32]. The truncating allele shows stronger association with HCV clear-
ance than any other allele in the human genome, and having phenotypic consequences
it became a promising candidate to explain the genetic association with HCV clearance
identified in this region [32].
Here I present an extensive analysis of the evolutionary history of IFNL4 and its trun-
cating variant, to explore the role of natural selection in shaping variation in HCV sus-
ceptibility across human populations today. Comparative analyses revealed that IFNL4
is under strong purifying selection in mammals, showing that it is evolutionary conserved
likely due to long-term functional relevance. In humans, however, I found compelling
evidence that the derived allele, which truncates IFNL4 and is associated with improved
HCV clearance, has risen in frequency sharply in certain human populations due to recent
positive selection. In particular, I observed unusually high frequency of the protective
(pseudogenizing) allele in East Asia compared to African populations. This is coupled
with highly significant LD-based signatures of a selective sweep at this site, and with ad-
ditional signatures of natural selection across the region in East Asia. In order to better
understand the selective processes responsible for these signatures we have modified and
applied an ABC approach designed to distinguish among different models of selection
(soft and hard sweeps). Using this approach we show that the data is best explained
by a hard sweep model where positive selection acted immediately upon appearance of
the truncating allele in Africa before the out of Africa migration, and with selection sub-
sequently becoming stronger in particular non-African populations (and resulting in its
near fixation in East Asia).
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Chapter 2 - Human adaptation and population differ-
entiation in the light of ancient genomes
A central challenge in population genetics is that present-day genomes provide only in-
direct information about the timing of past events. This makes it difficult to distinguish
between allele frequency changes that happened during periods of low effective popula-
tion size (when drift is strong), from those occurring during the colonisation of novel
environments (when local adaptation may occur). As a consequence, it is debated to
what extent positive selection drove even the largest allele frequency differences between
human groups [10, 23]. Ancient genomes, which provide snapshots of allele frequencies
in the past, hold promise to overcome this difficulty.
Here we present an analysis that integrated whole genomes from modern and ancient
individuals to time allele frequency changes. We developed a new statistic that allowed
us to estimate to what extent non-adaptive and adaptive forces have contributed to
population differentiation between African and non-African populations. Using the high-
quality genome of a 45,000 year old Eurasian individual [42], I found that only 30% of
the most strongly differentiated alleles between African and Eurasian human populations
rose in frequency during the colonisation of Eurasia (that is, after the out-of-Africa bot-
tleneck). The alleles that reached high frequency in Europe were strongly enriched in
genic SNPs to an extent that is not consistent with neutrality or background selection
alone. Further, I could show that those sites are strongly conserved across mammals and
enriched for regulatory effects, both observations are unexpected for alleles that reached
strong population differentiation solely due to non-adaptive forces. Therefore, unlike ap-
proaches that rely solely on present-day genomes, this approach provided evidence for
local adaptation in Europe contributing to population differentiation.
In addition, I showed that ancient hunter-gatherers rather than ancient farmers carry
a higher proportion of the European high frequency genic alleles. The alleles present
exclusively in hunter-gatherers are enriched for an association with pigmentation. This
suggests that hunter-gatherer populations had adapted to northern European environ-
ments before the later arrival of southern farmer groups, especially in terms of pigmenta-
tion, and these traits rose also into high frequency in the admixed present-day European
populations.
Contribution to the field
The two studies presented here improve our understanding about the influence of posi-
tive selection in shaping human population differentiation observed today. First, based
on present-day human genomes we use classical neutrality tests and an ABC approach
to make inferences about the selection history of a variant with phenotypic and medical
implications. This analysis contributes to our understanding of heterogeneity in disease
susceptibility between different populations and provides a rare example where gene loss
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is advantageous. Second, we use ancient whole genome sequences to estimate the timing
of allele frequency changes, which allows conclusions about the role of adaptation and
drift on allele frequency differentiation. We show that natural selection has been relevant
during or after the colonisation of Europe (and likely other Eurasian areas) and provide
clues about phenotypic consequences on some of these alleles.
Outlook
The sequencing of additional human populations from different geographic regions will
likely reveal additional exciting examples of local adaptation. The continuous decline
in sequencing costs and improvements in data production will eventually lead to whole
genome, ancient population data. Thereby ancient DNA will continue to contribute to
our understanding of human history and natural selection.
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Einleitung
Die natürliche Selektion hat alles Leben auf der Erde geformt, einschließlich uns selbst,
Homo sapiens. Natürliche Selektion ist der Prozess, den Fortpflanzungserfolg durch
phänotypische Variation zu erhöhen. Diese phänotypischen Veränderungen können durch
genetische Veränderungen vermittelt werden und sind dadurch vererbbar. Es gibt drei
Arten der natürlichen Selektion, die die genetische Vielfalt innerhalb und/ oder zwis-
chen den Populationen beeinflussen, (i) positive Selektion, wobei sich die Frequenz eines
vorteilhaften Allels erhöht, (ii) negative Selektion, wo Allele, die sich negativ auf den
Phänotyp auswirken, entfernt werden und (iii ) balancierte Selektion, bei der mehrere
Allele innerhalb der Population beibehalten werden ( review in [1]). In dieser Disser-
tation geht es um den Nachweis von positiver Selektion in menschlichen Populationen.
Nachfolgend werde ich mich auf diese Art der natürlichen Selektion konzentrieren.
In den letzten zwei Jahrzehnten wurden genetische Variationen in Tausenden von men-
schlichen Individuen aus unterschiedlichen geographischen Regionen identifiziert (z.B.
[2, 3, 4]). Zahlreiche Anstrengungen wurden unternommen, um loci zu identifizieren,
die im Menschen Signaturen der positiven Selektion aufzeigen (z.B. [5, 6, 7, 8]). Seit
der Verfügbarkeit von kompletten Genomdaten ist es ein oft genutzter Ansatz zur De-
tektion der positiven Selektion, Ausreißer einer oder mehrerer Auswertungsstatistiken zu
benutzen, um Kandidaten für positive Selektion zu beschreiben. [9]. Allerdings können
demographische Ereignisse - wie z.B. temporäre - niedrige Populationsgrößen (sog. bottle-
necks) während der Migration heraus aus Afrika auch genetische Muster hervorbringen,
die von denen der positiven Selektion schwer zu unterscheiden sind [10]. Ausserdem sind
die detektierten Kandidaten-loci für positive Selektion oft in einer derart geringen Auflö-
sung, dass es unklar bleibt, welche funktionelle Variante die Selektion ausgelöst hat.
Hier präsentiere ich zwei Studien, die zu unserem Verständnis beitragen, wie positive
Selektion den Genotyp und Phänotyp von verschiedenen Populationen beeinflusst hat.
Erstens analysierte ich die evolutionäre Entwicklung einer Variante, die ein neu entdecktes
Gen trunkiert und mit der Hepatitis-C-Virus Heilung verbunden ist. Zweitens studierte
ich Allele, die zwischen Eurasiern und Afrikanern stark differenziert sind. Dafür nutzte
ich alte DNA (genomische Information von Indivduen, die vor tausenden von Jahren ver-
storbenen sind), um zu unterscheiden, ob sich die Differenzierung der Allele aufgrund von
positiver Selektion oder aufgrund demografischer Ereignisse verändert haben.
Traditionell wird die positive Selektion durch das hitch-hiking Modell erklärt, auch als
hard sweep bekannt, in dem ein neues und vorteilhaftes Allel innerhalb einer Population
zusammen mit genetisch-gekoppelten, neutralen Allelen in der Frequenz ansteigt [11]. In
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einem anderen Modell ist das Allel bereits in der Population vorhanden, bevor es von
Vorteil wird und durch positive Selektion innerhalb einer Population in der Frequenz
ansteigt, ein sog. soft sweep. Dieses zweite Modell hat kürzlich erhebliche empirische[12,
13, 14] und theoretische [15, 16, 17, 18] Unterstützung erhalten. Hierbei ist das neue Allel
zu Beginn neutral, bis es schließlich vorteilhaft wird, z.B. aufgrund einer Veränderung der
Umwelt. Die entsprechenden genetischen Muster eines soft sweeps an gekoppelten Allelen
sind unter diesem Modell schwächer als bei einem hard sweep und deshalb schwieriger
zu erkennen [18]. Diese Einschränkung kann durch die Verwendung von computerin-
tensiven Analysen wie approximate bayesian Computation (ABC) überwunden werden.
Dabei werden verschiedene Selektionsmodelle simuliert, um das Szenario herauszufinden,
welches am besten die tatsächliche genetische Beobachtung erklärt. Ausserdem können
damit auch zugehörige Parameter wie Alter des Allels und Selektionsstärke abgeleitet
werden [19]. Dieser Ansatz ist allerdings sehr rechenintensiv und bis jetzt nur für gezielte
loci durchführbar (z.B. [13]).
Merkmale, die alle Menschen teilen, wie der aufrechte, zweibeinige Gang oder die Sprache
wurden wahrscheinlich durch positive Selektion etabliert. Allerdings hat positive Selek-
tion durch unterschiedliche Umweltbedingungen zu Eigenschaften beigetragen, die für
bestimmte Populationen spezifisch sind, z.B. adulte Laktosetoleranz [20] und Pigmen-
tierung der Haut [21]. Dadurch wissen wir, wenigstens für ein paar gut verstandene
Beispiele, dass positive Selektion zu Unterschieden in der Allelfrequenz beigetragen hat.
Interessanter Weise sind Allele, die stark differenziert sind zwischen menschlichen Popu-
lationen in oder in der Nähe von protein-kodierenden Genen. Das lässt vermuten, dass
dort funktionale Effekte wahrscheinlicher sind, die unter Selektion stehen [22]. Derartige
Anreicherungen können allerdings auch durch verstärkte nicht-adaptive Prozesse erklärt
werden, wie z.B. background selection [10, 23], was durch den Verlust von neutraler Vari-
ation durch genetische Kopplung an schädlichen Allelen beschrieben wird [24, 25]. Diese
background selection wurde während des out-of-Afrika bottlenecks verstärkt, wodurch
Unterschiede zwischen afrikanischen und nicht-afrikanischen Population beeinflusst wur-
den [26]. Zusammengefasst gibt es Hinweise, dass Unterschiede in den Allelfrequenzen
zwischen Populationen sowohl durch positive Selektion als auch durch nicht-adaptive
Prozesse erklärt werden können. Bisher ist nicht bekannt, in welchem Umfang positive
Selektion zur geographischen Verteilung der heute beobachteten Allele beigetragen hat.
Ein grundlegendes Problem bei der Analyse von Populationsdifferenzierungen ist, dass
nur Daten verfügbar sind von heute lebenden menschlichen Populationen. Solche Daten
informieren zwar über den aktuellen Stand der Allelfrequenzen, aber enthalten keine di-
rekten Informationen darüber, wann und wo ein bestimmtes Allel erschienen ist. Die jüng-
sten Erfolge in der Sequenzierung von alten Genomen helfen, diese Lücken zu schliessen
und sind Momentaufnahmen des menschlichen Erbguts in der Vergangenheit. Auch wenn
Daten von alter DNA in ihrer Anzahl begrenzt sind und oft nicht über hohe Qualität ver-
fügen, haben sie bereits spannende Einblicke in die menschliche Geschichte gewährt (z.B.
die Vermischung des Menschen mit Neandertalern [27], die Vermischung des Menschen
mit einem unbekannten, archaischen Homininen [28], und eine sehr viel detailliertere
europäische Demographie [29, 30, 31]). Die beispiellose Verfügbarkeit von genetischen
Daten von verschiedenen alten menschlichen Populationen ermöglicht es uns, Einblick
in offene Fragen zu bekommen, um Prozesse, wie z.B. die geographische Verteilung der
Allelfrequenzen besser zu verstehen.
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Ziele der Arbeit
Hier präsentiere ich zwei Studien, die zu einem besseren Verständnis über die Entwick-
lungsgeschichte der menschlichen Populationen beitragen. In Kapitel 1 untersuchte ich
ein Allel, das für zwei phänotypische Effekte beschrieben wurde. Erstens trunkiert es den
offenen Leserahmen eines kürzlich erstmals beschriebenen anti-viralen Proteins (IFNL4)
und zweitens ist es mit der Heilung von Hepatitis-C assoziiert [32]. In dieser Studie
entwickele ich die Hypothese, dass das trunkierende Allel unter positiver Selektion in
menschlichen Populationen stand. Dafür beschreibe ich die vorhandenen Muster von
natürlicher Selektion und führte eine ABC Analyse durch, um die genaue Art der Selek-
tion (hard sweep, soft sweep oder Neutralität) mit den zugehörigen Parametern (Wann
das Allel auftrat?, Stärke des Selektionsdruck? etc.) zu ermitteln. In Kapitel 2 betrachte
ich die Frage, in welchem Grad positive Selektion und neutrale Prozesse zu Allelfrequen-
zunterschieden zwischen afrikanischen und nicht-afrikanischen Populationen beigetragen
hat. Unter Verwendung der genetischen Daten eines 45.000 Jahre alten eurasischen In-
dividuums schätze ich ein, ob Allelfrequenzveränderungen innerhalb der letzten 45.000
Jahre (wahrscheinlich durch positive Selektion) oder vorher (wahrscheinlich durch nicht-
adaptive Prozesse) in nicht-afrikanischen Populationen erfolgt sind. Ausserdem analysiere
ich genetische Daten von alten europäischen Individuen, die entweder von der Kultur der
‘Jäger und Sammler’ oder ‘Viehzüchterkultur’ stammen, um die Herkunft der differen-
zierten Allele besser zu verstehen.
Kapitel 1 - Selektion eines Allels, assoziiert mit verbesserter
Virusbeseitigung, ist verantwortlich für adaptive Pseudogenisierung
von Interferon Lambda 4 IFNL4
Menschen zeigen Unterschiede in der genetischen Predisposition für Krankheiten. Da
Krankheitserreger starke selektive Agenzien darstellen, sind Allele, die die Pathogen-
Heilung beeinflussen, potentiell wichtige Ausgangspunkte der natürlichen Selektion. Genetis-
che Assoziationsstudien über die Heilung von Hepatitis-C-Virus (HCV)-Erkrankungen
zeigten eine starke Assoziation mit Mutationen in einer Region auf Chromosom 19,
die mehrere anti-virale Typ III-Interferon-Gene kodiert (IFNL1-3 ) [33, 34, 35]. Trotz
mehrerer Versuche gelang es jedoch nicht eindeutig, die funktionellen Auswirkungen
bekannter Mutationen in der assoziierten Region auf die Unterschiede in der HCV-Heilung
zurückzuführen [36, 37, 38, 39, 40, 41]. Die genetische Mutation, die verantwortlich für
die Assoziation mit der HCV-Heilung ist, war in dieser Region nicht bekannt, bis ein
neues Gen (IFNL4 ) zusammen mit einer Variante entdeckt wurde, die den offenen Leser-
ahmen trunkiert [32]. Das trunkierende Allel zeigt eine stärkere Assoziation mit der
HCV-Heilung als jedes andere Allel im menschlichen Genom und da dies phänotypis-
che Konsequenzen hatte, wurde es ein vielversprechendes Untersuchungsobjekt, um die
genetische Assoziation mit der HCV-Heilung in dieser Region zu erklären [32].
Hier präsentiere ich eine umfassende Analyse der Evolutionsgeschichte von IFNL4 und des
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trunkierenden Allels, um die Rolle der natürlichen Selektion bei HCV-Anfälligkeitsunterschieden
in verschiedenen menschlichen Populationen zu erforschen. In vergleichenden Analysen
zeigten wir, dass sich IFNL4 unter starker negativer Selektion innerhalb der untersuchten
Gruppe von Säugetieren entwickelte. Diese evolutionäre Konservierung von IFNL4 deutet
auf eine langfristige funktionelle Bedeutung hin. Im Gegensatz dazu fand ich beim Men-
schen Signaturen von positiver Selektion vor. Dies deutet darauf hin, dass das Allel, das
IFNL4 trunkiert und mit verbesserter HCV-Heilung verbunden ist, in bestimmten Pop-
ulationen (vorzugsweise in Ostasien) mittels positiver Selektion eine hohe Allelfrequenz
erreicht hat. Um die selektive Entwicklung des trunkierenden Allels besser zu verstehen
(hard sweep, soft sweep), wurde eine ABC-Analyse durchgeführt. Mit diesem Ansatz
zeigten wir, dass die Daten am besten mit einem hard sweep Modell erklärt werden kon-
nten. Das daraus gefolgerte Modell besagt, dass die positive Selektion in Afrika bereits
vor der Migration aus Afrika begonnen hat und nach der Migration ausserhalb Afrikas
die Selektionsstärke weiter zugenommen hat, was fast zur Fixierung des trunkierenden
Allels in Ostasien geführt hat.
Kapitel 2 - Anpassung und Populationsdifferenzierung des Men-
schen im Lichte von alten Genomen
Eine zentrale Herausforderung in der Populationsgenetik ist, dass Genome von Indi-
viduen, die in der Jetzt-Zeit auf der Erde leben, nur indirekte Informationen über vergan-
gene Vorgänge innehaben. Dies macht es schwierig, zwischen Allelfrequenz Veränderun-
gen, die während Perioden geringer Populationsgröße passiert sind (neutrale Prozesse),
von denen, die während der Besiedlung neuer Regionen auftraten (gefördert durch positive
Selektion), zu unterscheiden. Als Folge davon ist es unklar, in welchem Umfang positive
Selektion regionale Unterschiede in der Allelfrequenz beeinflusst hat [10, 23]. Genome
von Individuen, die mehrere tausend Jahre alt sind versprechen diese Schwierigkeiten zu
überwinden, da sie Momentaufnahmen der Allelfrequenzen in der Vergangenheit liefern.
Hier präsentiere ich eine Analyse, die versucht, mittels der Genome sowohl von alten
als auch modernen Individuen Allelfrequenz-Änderungen nachzuvollziehen. Ich entwick-
elte eine neue Statistik, die es erlaubt zu ermitteln, inwieweit nicht-adaptive und adaptive
Kräfte zu den Allelfrequenz- Änderungen zwischen afrikanischen und nicht-afrikanischen
Populationen beigetragen haben.
Unter Verwendung des hochqualitativen Genoms eines 45.000 Jahre alten Eurasiers [42],
fand ich heraus, dass nur 30% der am stärksten differenzierten Allele zwischen afrikanis-
chen und eurasischen Bevölkerungsgruppen während der Besiedlung von Eurasien (das
heißt, nach der Migration aus Afrika) in der Frequenz angestiegen sind. Die Mutatio-
nen, die eine hohe Frequenz in Europa erreicht haben, waren vor allem in Genen bzw.
in der Nähe von Genen zu finden. Das trat in einem Ausmaß auf, welches nicht im
Einklang mit neutralen Prozessen oder background selection zu erklären war. Weiter-
hin konnte ich zeigen, dass diese Mutationen in Säugetieren stark konserviert und für
regulatorische Effekte angereichert sind. Beide dieser Beobachtungen sind für die Allele
unerwartet, die die starken Allelfrequenzunterschiede nur durch nicht-adaptive Kräfte er-
reicht haben. Im Gegensatz zu Ansätzen, die ausschließlich Genome von aktuell lebenden
9
Zusammenfassung
Menschen verwenden, konnte meine Analyse zeigen, dass positive Selektion zur Anpas-
sung an Umweltbedingungen in Europa beigetragen hat.
Darüber hinaus habe ich gezeigt, dass alte ‘Jäger und Sammler’ eher als alte ‘Viehzüchter’
bereits die Allele getragen haben, die heute eine hohe Frequenz in Europa aufweisen. Die
Allele, die ausschließlich in Jägern und Sammlern vorhanden sind, stehen vor allem im
Zusammenhang mit Pigmentierungsunterschieden. Dies deutet darauf hin, dass Jäger
und Sammler Populationen waren, die mehr Zeit hatten als die jüngeren Viehzüchter,
sich an die Umwelt in Europa anzupassen, vor allem im Zusammenhang mit Pigmen-
tierung. Diese Allele sind ebenfalls bei den heutigen europäischen Populationen noch in
hoher Frequenz vorhanden , was Ihre Bedeutung zum Überleben in Europa unterstreicht.
Beitrag zum Feld
Die beiden hier vorgestellten Studien verbessern unser Verständnis über den Einfluss von
positiver Selektion auf die evolutionäre Entwicklung des Menschen. Erstens, mit Hilfe
genomischer Daten von heute lebenden Menschen und der Verwendung von klassischen
Neutralitäts-Tests und einer ABC-Analyse konnte ich Rückschlüsse auf die Entwicklung
eines Allels mit phänotypischen und medizinischen Auswirkungen ziehen. Diese Analyse
trägt zu unserem Verständnis der Heterogenität der Krankheitsanfälligkeit zwischen ver-
schiedenen Bevölkerungsgruppen bei und stellt ein seltenes Beispiel dar, bei dem der Ver-
lust eines Gens von Vorteil ist. Zweitens verwendete ich Genomsequenzen von Individuen,
die mehrere tausend Jahre alt sind, um den Zeitpunkt der Allelfrequenz-Veränderungen
besser bestimmen zu können, wodurch Rückschlüsse auf die Rolle von positiver Selektion
möglich sind. Ich zeigte, dass positive Selektion relevant war während oder nach der Be-
siedlung Europas (und wahrscheinlich auch in anderen eurasischen Gebieten) und gebe
Hinweise auf phänotypische Auswirkungen von einigen dieser Allele.
Perspektive
Die Sequenzierung von zusätzlichen menschlichen Populationen aus verschiedenen ge-
ografischen Regionen wird wahrscheinlich weitere interessante Beispiele für positive Se-
lektion enthüllen. Der kontinuierliche Rückgang der Kosten für die aufwändige Sequen-
zierung und die Verbesserungen bei der Datenproduktion wird zu zusätzlichen Genom-
analysen von alten Proben führen. So wird auch in Zukunft viele tausend Jahre alte DNA
mehr und mehr unser Verständnis, was uns zum Menschen macht, verbessern.
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Interferon lambda 4 gene (IFNL4) encodes IFN-l4, a new member of the IFN-l family with antiviral activity. In humans IFNL4
open reading frame is truncated by a polymorphic frame-shift insertion that eliminates IFN-l4 and turns IFNL4 into a
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Bayesian Computation (ABC) approach we infer that the pseudogenizing allele appeared just before the out-of-Africa
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Introduction
Interferon-lambda (IFN-l) proteins induce antiviral effectors in
host target cells and have a crucial role in immune defense against
pathogens [1]. The IFNL family classically included three genes
(IFNL1, IFNL2, and IFNL3; formerly IL29, IL28A, IL28B,
respectively) located within a 50 kb region of chromosome 19
[2,3]. Several intergenic variants within the IFNL cluster had been
identified as showing remarkable association with clearance of
hepatitis C virus (HCV) [4–6], which is worldwide responsible for
,170 million infections and over 350,000 deaths per year [7,8].
The underlying functional basis of this association remained
unclear despite numerous efforts to identify functional conse-
quences of these variants [9–16].
An additional member of the IFN-l family has recently been
discovered: IFN-l4, which bears only 30% amino acid identity
with the other IFN-ls and is encoded by the IFNL4 gene, also
located within the IFNL locus [2,17]. IFN-l4 shows similar
antiviral activity like IFN-l3 but as it shows limited secretion it
might also act intracellularly, unlike the other IFN-ls [18]. A
compound di-nucleotide exonic variant (rs368234815, DG.TT)
in IFNL4 causes a frame-shift of its open reading frame and results
in the polymorphic pseudogenization of IFNL4 - the polymorphic
loss of IFN-l4 protein [17]. The existence of IFNL4 was not even
computationally predicted because the human reference genome
contains the TT allele and lacks the IFNL4 open reading frame
[17]. Remarkably, the derived TT allele not only eliminates IFN-
l4, but it also shows the strongest genetic association reported to
date with improved spontaneous and treatment-induced HCV
clearance [17,19,20].
The function of IFN-l proteins is crucial for response to
pathogens and this locus has evolved under natural selection, with
signatures of positive selection being described in the three
classical IFNL genes (IFNL1-3) [21]. However, that analysis did
not cover the IFNL4 gene, nor the frame-shift rs368234815
variant, which were then unknown [21]. Therefore, the
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evolutionary history of this interesting functional variant and its
influence on the local signatures of selection remained unknown.
Here we report an in-depth comparative and population genetic
analysis that focuses on IFNL4 and the rs368234815 polymorph-
ism. We show that the functional IFN-l4 protein is under
purifying selection in mammals, while in humans the IFNL4
pseudogenizing TT allele carries strong signatures of positive
selection. We use a new Approximate Bayesian Computation
(ABC) approach [22,23] to provide evidence of a complex selective
history of the TT allele, which involves changes in selective
strength across human populations. This selective process had
important implications in present-day phenotypic diversity and
susceptibility to disease.
Results
Functional IFN-l4 is strongly conserved in mammals
The IFNL4 gene is present in most mammals analyzed,
although it is absent in mouse and rat (Methods). To understand
the evolutionary conservation of IFNL4 we performed a
comparative analysis of the IFNL4 coding sequences from a
representative set of mammals (N= 12). The overall dN/dS (non-
synonymous to synonymous substitution ratio) is 0.23 across
mammals and 0.22 across primates (Figure 1), indicative of
purifying selection maintaining the sequence and function of the
protein. Notably, all individual branches except squirrel monkey
have dN/dS,1 and no model of protein evolution supported dN/
dS.1 in specific branches or sites (Table S1). This reveals strong
evolutionary conservation of IFN-l4 in mammals, reflecting its
functional relevance.
Strong population differentiation for the TT allele
The selective constraint on IFN-l4 contrasts with the
pseudogenization of the gene in humans through the derived
TT allele [17]. The multiple-species alignment shows that DG is
the conserved, ancestral allele and TT is the derived human-
specific allele. The mutational process from DG to TT in humans
is unclear, but only these two forms have been observed, so they
should be considered as two alleles of a di-nucleotide variant
(Methods). The TT allele shows considerable frequency variation
across human groups. The 1000 Genomes data [24] reveals a
gradient in frequency that rises from Africa (0.29–0.44) to Europe
(0.58–0.77) and the New World (0.51–0.65), and reaches near
fixation in East Asia (0.94–0.97) (Figure 2, Table S2, full
population names in Methods).
Population differentiation can be quantified with the fixation
index FST [25], a measure of the pairwise level of differentiation in
allele frequencies. We used Yoruba (YRI) as the background
population because it has the lowest frequency of the derived TT
allele in Africa. To put these values in the context of genome-wide
population differences, FST was also calculated for every SNP in
the 1000 Genomes dataset. For the TT allele the largest FST, 0.63,
corresponds to Southern Han Chinese (CHS) versus YRI, which
places the TT allele in the 0.5% tail of the empirical genomic
distribution of CHS-YRI FST (Fig. 3A, Table 1). FST is also in the
0.8% tail of the genomic distribution for the other East Asian
populations (CHB, JPT, Fig. 3B and C, Table 1), and in the 4%
tail for Europeans (CEU) and one African population, Luhya
(LWK) (Table 1, Fig. S1). These results remain significant when
other populations were used as background and in continental
comparisons, and when the genome-wide distribution was
restricted to SNPs with the lowest frequency in Yoruba (Table
S3). Therefore, rs368234815 is among the 0.8% most differen-
tiated SNPs between African and East Asians, and among the 12%
most differentiated SNPs between African and European popula-
tions.
The TT allele resides in a population-specific extended
haplotype
The unusually high population differentiation of the TT allele is
compatible with a scenario of recent population-specific natural
selection. Under certain selection models such high differentiation
should be accompanied by extended haplotype homozygosity in
the populations experiencing selection, but not in other popula-
tions. We evaluated such a signature with the cross population
extended haplotype homozygosity test [26] (XP-EHH), which was
calculated across the genome relative to the Yoruba population.
The XP-EHH value for the TT allele is in the 0.5% tail of the
empirical distribution for East Asian populations (p = 0.003, 0.005,
and 0.003, for CHS, CHB, and JPT, Fig. 3A–C, Table 1), and the
signal remains significant when calculated relative to a European
population (GBR) and in analyses at the continental level (Table
S4). In addition, some non-Asian populations show marginally
significant signatures of positive selection too (CEU, PUR, LWK,
Table 1, Fig. S1). Similar results were obtained with iHS, a
statistic that explores haplotype homozygosity within a single
population [27] (Table 1) (although iHS lacks power when
population frequency is very high, like in Asia). The unusual
allele-specific haplotype homozygosity is evident in Figure 3D,
which shows the haplotype structure of the locus in one African,
one European, and one East Asian population (for all populations
see Fig. S3). We note that FST shows very weak correlation with
both XP-EHH and iHS in the genome (r = 0.12 and r =20.08
Spearman rank test, respectively, although the large number of
data points makes these weak correlations significant, P-value,
2.2e-16). Therefore, the FST and XP-EHH/iHS observations can
be considered largely independent.
Finally, not only rs368234815 itself but also its genetic locus
shows signatures of recent positive selection, with significant Fay
and Wu’s H test [28] (FW), which detects an excess of high-
frequency derived alleles in the region (Table 1). Together, the
combined signatures of FST, XP-EHH, iHS and FW provide
strong evidence for the action of natural selection rapidly
Author Summary
The genetic association with clearance of Hepatitis C virus
(HCV) is one of the strongest and most elusive known
associations with disease. The genetic variant more
strongly associated with improved HCV clearance inacti-
vates the recently discovered IFNL4 gene, which encodes
for antiviral IFN-l4 protein, and turns it into a polymorphic
pseudogene. We show that functional IFN-l4 is conserved
and functionally important in mammals. In humans
though the inactivating mutation appeared in Africa just
before the out-of-Africa migration and quickly became
advantageous, with the strength of selection (the degree
of advantage) varying across human groups. In particular,
selection became stronger out of Africa and was strongest
in East Asia, raising the frequency of the pseudogene and
resulting in the virtual loss of functional IFN-l4 protein in
several Asian populations. Although the environmental
force driving selection is unknown, this process resulted in
variable clearance of HCV in modern human populations.
The complex selective history of IFNL4-inactivating allele
has thus shaped present-day heterogeneity across popula-
tions not only in genetic variation, but also in relevant
phenotypes and susceptibility to disease.
Local, Adaptive Pseudogenization of IFNL4
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increasing the frequency of the TT allele in East Asia. The
signature outside Asia is less clear, with most populations showing
significant signatures of selection for a subset of the tests
performed.
Cumulative evidence that TT allele drives the signatures
of selection
A classical problem in population genetics is the identification of
the genetic variant responsible for a selection signal. High linkage
disequilibrium (LD) in the region surrounding IFNL4 (Table 2,
Fig. 3D, Fig. 4, Fig. S7) hampers the distinction of signatures
across all the linked variants, making it difficult to identify the
causal variant. We conclude that rs368234815 is the most likely
variant driving the signatures of selection, based on three lines of
evidence: (1) its functionality and phenotypic consequences, (2) its
genetic association with viral clearance, which reflects its effect on
fitness, and (3) its signatures of selection.
First, the TT allele has a clear phenotypic consequence as it
leads to abrogation of IFN-l4. This is in contrast with other
variants in the locus for which no conclusive functional data has
been reported despite numerous efforts [9–14]. Second, of all
variants in the IFNL region, rs368234815 shows the strongest
genetic association with spontaneous and treatment-induced HCV
clearance in African Americans [17,19]; in Europeans and Asians
the strong LD across the region results in comparable associations
for many variants [15–17,20,29] (Table 2, Fig. S2, Fig. S7). Third,
of all protein-coding or HCV-associated variants in this locus,
rs368234815 shows the strongest combined signatures of positive
selection in East Asians (Fig. 3A–C, Fig. S1 and S2, Table 2).
Only one other polymorphism (intergenic rs8109886, located
upstream of IFNL4, Fig. 4), shows signals of selection comparable
to rs368234815 (Fig. S2, Table 2). No function has been ascribed
to this variant despite a moderate HCV association that is likely
due to linkage to TT [6,17,30] (Table 2 and Fig. 4), making it a
priori a less likely candidate for selection. Indeed, simulations of
the evolutionary process showed that the large frequency change
of rs8109886 can be explained by linkage to the TT allele alone
(Note S1).
We also put rs368234815 in the context of the signatures of
selection in the larger genomic region. IFNL4 is located upstream
of IFNL3 in a region of moderate LD that is separated from the
IFNL1/IFNL2 locus by a recombination hotspot (Fig. S7,
Table 2). Manry et al. [21] identified signatures of recent positive
selection in all three original IFNL genes (IFNL1-3) but neither
IFNL4 nor the rs368234815 variant were known at that time and
thus they were not considered. The recombination hotspot breaks
LD between the IFNL1/INFL2 locus and the IFNL3/IFNL4
locus (Fig. S7, Table 2), showing that these signatures are in all
likelihood independent, as suggested by Manry et al. [21]. There is
moderate LD between IFNL4 and IFNL3, with an average r2
Figure 1. Phylogenetic tree showing the dN/dS ratio of each lineage analyzed.
doi:10.1371/journal.pgen.1004681.g001
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between rs368234815 and IFNL3 SNPs of 0.18 in CEU and of
0.44 in CHS (see also Fig. S7). So, the selection signatures in
IFNL3 and IFNL4 may not be independent. In fact, the seven
SNPs identified by Manry et al. [21] (detailed in Table 2 and
Fig. 4) have (1) weaker signatures of selection; (2) unclear
functional effects, and (3) weaker association with HCV clearance
than the TT allele in Africa (Table 2, Figure 4). Also, those that
show some signatures of selection have high to moderate LD with
rs368234815 (Table 2), with LD broken mostly by a few
recombination events in the ancestral haplotype (Note S1). Taken
together, these lines of evidence confirm that IFNL1/2 and
IFNL3/IFNL4 have likely been independently targeted by positive
selection in recent human history, as suggested by Manry et al.
[21], and highlight rs368234815 TT as the most likely selected
allele in its region.
Mode and tempo of positive selection on the TT allele
The classical model of positive selection involves selection on a
de novo mutation (SDN), a so-called hard sweep, where a new
mutation immediately becomes beneficial and selected (reviewed
in [31]). This scenario is difficult to reconcile with our
observations, because unequivocal signatures of selection are
observed only in East Asians but the TT allele is common
worldwide. The TT-carrying haplotype harbors the highest
genetic diversity in Africa indicating that it arose there before
the out-of-Africa dispersion (Note S2, Table S5), a result that is
consistent with the IFNL4 haplotype network (Fig. S4). Under
SDN, only a model where selection begins weak in Africa and
becomes stronger outside of Africa could explain our observations
(Fig. 5A). An alternative model is selection from standing variation
(SSV), also known as a soft sweep (reviewed in [31]). In this
scenario an existing neutral or nearly neutral allele becomes
advantageous, for example upon environmental change (Fig. 5A).
To disentangle the most likely model of selection for the TT
allele we applied a modified version of a recently published ABC
approach [23], which we extended to be able to analyze two-
population models. In brief, we match millions of simulations
under the different models to a summary of the observed genetic
data in the IFNL4 region, and use the best matching simulations
for further inferences. Under reasonable assumptions we expect
the most realistic selection model to produce the closest
simulations to real data, and thus simulations can be used to
make inferences about the selective history of the allele [23]
including the model of selection and relevant parameters (Note
S3). While the method relies on some assumptions (e.g. correct
demographic and dominance models) this approach has been
shown to be robust and to have high power to recover the correct
selection scenario [23]. We assess that we overall have high power
to recover the correct model, with 76% of the SSV and 95% of the
SDN simulations being assigned correctly under the East Asian
demographic model, and 70% of the SSV and 97% of the SDN
simulations being assigned correctly under the European demo-
graphic model (Note S3). The slight bias observed was considered
when interpreting the results. For our analysis we consider three
models: neutrality (no selection), selection from a de novo mutation
(SDN) and selection from standing variation (SSV) (Fig. 5A).
In East Asian populations we obtain negligible support for
neutrality and very strong support for the SDN model (Fig. 5B,
Table 3, Table S6). Results in Europeans are also consistent with
the SDN model, although the weaker signals of selection and the
slight bias observed above make these results less conclusive
(Table 3, Note S3, Fig. S5, Table S6). The posterior probability
Figure 2. Allele frequency of rs368234815 - DG allele (blue) and TT allele (green) for each population from the 1000 Genomes
dataset. American populations of European and African origin (CEU, ASW) are placed near the geographic area of origin. For full population names
see Methods.
doi:10.1371/journal.pgen.1004681.g002
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for the SDN model is ,95% in East Asia and ,80% in Europe,
corresponding to Bayes factors (Bayesian measures of relative
model support [32]) of ,10 and ,4, respectively. This provides
substantial and robust evidence for the SDN model, compared to
the SSV and NTR models for East Asian and European
populations according to Jeffrey’s interpretation [33]. Therefore,
we conclude that the TT allele was likely positively selected upon
appearance. The ABC-based parameter estimates are less
reliable than the model choice [23] because they always have
large credible intervals (Bayesian measures of confidence).
However, the posterior distributions have modes that differ
from the modes of the prior distributions, indicating that they are
determined by information from the data and not by the prior
(Fig. S5). Also, the estimates are quite concordant within and
between continental groups (Fig. S5, Table 3). So while they
should be interpreted with appropriate caution, the estimates do
provide additional useful information about the model and
timing of selection. We infer that the TT allele emerged before
the out-of-Africa migration (estimated tmut<55,900 years ago
(41,360–68,640)) and was immediately, or shortly thereafter,
targeted by moderate positive selection (selection coefficient, sA,
<0.58% (0.17–1.23)); we estimate that selection intensified
substantially outside of Africa, with the selection strength nearly
quadrupling in Europe and in Asia (sNA<2.6% (0.6–4.8);
Table 3, Fig. S5).
One important aspect of the simulations is the mode of
dominance (also known as the genetic model), and the ABC
analysis above was performed on simulations under a perfectly
additive model where heterozygotes have half the fitness effect of
homozygotes (dominance coefficient h = 0.5). This model is
reasonable because in TT/DG heterozygotes only one IFNL4
copy is truncated, and because genetic studies show that the odds
ratios (ORs) for HCV clearance in heterozygotes are intermediate
to those in the two homozygotes [17]. These two arguments argue
strongly against a model of complete dominance for TT as
realistic, but other models are more difficult to discard a priory.
We thus compare three dominance models: (1) a fully recessive
model for the TT allele (h = 0), (2) the perfectly additive model
used above (h= 0.5), and (3) a supra-additive model where the
additive effect is non-linear and heterozygotes are closest in fitness
to DG homozygotes. This model has been proposed based on the
ORs for the intronic IFNL4 variant, rs12979860 which is in high
LD with rs368234815 and is thus a good proxy for the dominance
effects of TT (Table 2) [34]. Based on those results we use a
Figure 3. Empirical P-values of the FST and XP-EHH analysis (depicted as dots or diamonds, respectively) in the 30 Kb genomic
locus around IFNL4 (chr19:39724153–39754153) for (A) CHS, (B) CHB, and (C) JPT using YRI as background. All XP-EHH values are
connected by a fitting curve (yellow line). The 1% tail of the genomic empirical distribution is indicated by the horizontal, dashed line. (d) Haplotype
structure in the same region as above, for an African (YRI), European (CEU), and East Asian (CHS) population. Columns represent SNPs with a derived
allele frequency .5% in at least one population (n = 99 SNPs), with the ancestral allele in white, and the derived allele in black. Lines represent the
haplotypes they fall in, as inferred with SHAPEIT by the 1000 Genomes consortium [24]. Haplotypes were sorted based on rs368234815 (red arrow)
and SNPs in perfect LD with it in CHS (black arrows); see also Table 2 and Figure 4. The bar on the left-hand side of each plot indicates the haplotypes
that carry the TT allele (red) or the DG allele (blue).
doi:10.1371/journal.pgen.1004681.g003
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dominance coefficient h = 0.38 (see Note S4). When we compare
the three dominance models in East Asia, regardless of the
selection model, the fully recessive model has marginal support
(4%), with the two additive models showing similar posterior
probabilities (slightly higher for additive: 56%, than supra-
additive: 44%, Fig. 5C and Note S4). When we compare the
ABC results in the two additive models, they both strongly support
the SDN model over the SSV model (95% in the additive model
and 90% in the supra-additive model, corresponding to a Bayes
factor of ,12), and both models provide virtually no support for
the neutral model (Figure 5B–D and Note S4). Parameter
estimates also agree well among these two models (Fig. S5, Fig.
S6 and Note S4). Therefore our results in East Asia validate the
use of an additive model and show that the ABC inferences are not
sensitive to the particularities of the additive model used. In
European population the results are less clear, just as in the
original ABC analysis and as expected given the weaker signatures
of selection. Still, these results also support the two additive models
(36% support for additive and 38% for supra-additive; Fig. 5C) as
well as the SDN model (,81% support for SDN in both the
additive and the supra-additive, corresponding to a Bayes factor
,4, Fig. 5B and D, Note S4).
These results show a complex selection history for the TT allele,
with selection starting upon appearance of the allele but with
intensity changing over time and geographic range. The model is
consistent with all our observations, including the marginal
evidence for selection observed in non-Asian populations (Ta-
ble 1). It is interesting that we infer selection on the TT allele even
in Yoruba, where the signature is undetectable with classical
methods likely because of weak selection and lower frequency
although the TT allele shows clear signatures of homozygosity
(Fig. 3D). Interestingly, and in agreement with this model, we do
observe some signatures of positive selection in another African
population, the Luhya. It remains possible that the advantage of
the TT allele was counteracted by additional selective forces in
Africa that maintained the TT allele at an intermediate frequency,
such as balancing selection, although we note that the locus lacks
classical signatures of long-standing balancing selection (Note S5,
Table S7).
Discussion
Here we show that functional IFN-l4 is under purifying
selection throughout the mammal clade while positive selection
has favored the elimination of IFN-l4 through pseudogenization
in humans. Selection on the TT allele has been particularly strong
in specific populations, leading to extremely high frequency of the
pseudogene and subsequent virtual loss of IFN-l4. This event is
phenotypically relevant: not only is IFN-l4 biologically important
[17,18] and evolutionary conserved, but the loss of IFN-l4
through pseudogenization shows remarkable association with
improved HCV clearance [17,19,20].
The precise reason behind the advantage of IFN-l4 elimination
is unknown, but its immunological role and clear antiviral activity
against HCV [17] make exposure to pathogens (and in particular
viral agents) the most likely selective force. However, due to its
slow progression into fatal disease [35] HCV is unlikely to have
exerted such strong selective pressure, although we cannot
completely discard this possibility. Besides HCV, it has been
shown that functional IFN-l4 has antiviral activity against
coronaviruses [18], while the IFN-l4 pseudogene increases
susceptibility to cytomegalovirus retinitis among HIV-infected
patients [36]. Suggesting that IFN-l4 pseudogenization is likely
associated with several phenotypic traits. It is perhaps surprising
that suppression of an antiviral protein results in improved viral
clearance, although it has for example been shown that during
chronic infection blockage of persistent signaling of IFN I (a
different type of interferon) can improve viral clearance [37,38].
We showed that a complex selective regime, with variation in
selection strength in different geographical areas, best explains the
history of the IFNL4 locus. Signatures of non-neutral evolution
have been detected in other interferons, including at least one
other IFNL family member (IFNL1 or IFNL2) [21]. Although the
mode and tempo of selection in these other IFNL genes are not
well understood, together these observations suggest that IFN-l
proteins have played an important role in recent human
adaptation, probably as a consequence of their role in individuals’
constant fight with pathogens. It is likely, though, that only the
selective history of the IFNL4-TT allele had a strong influence in
Table 1. FST values and for FST, XP-EHH, iHS and Fay and Wu’s H (FW) the empirical P-values are shown for rs368234815 in every
population.
Population FST FST P-value XP-EHH P-value iHS P-value FW P-value
CHS 0.63 0.005 0.003 -b 0.01
CHB 0.60 0.006 0.005 0.22 0.01
JPT 0.56 0.008 0.003 0.05 0.01
GBR 0.22 0.074 0.071 0.03 0.07
CEU 0.31 0.040 0.041 0.02 0.04
FIN 0.26 0.059 0.059 0.09 0.06
TSI 0.15 0.120 0.070 0.05 0.10
CLM 0.09 0.172 0.201 0.06 0.09
MXL 0.04 0.368 0.145 0.50 0.11
PUR 0.19 0.064 0.029 0.10 0.06
ASW 20.01 0.684 0.634 0.08 0.20
LWK 0.05 0.036 0.043 0.03 0.12
YRI -a -a -a 0.14 0.21
aFST and XP-EHH were not calculated for YRI, which is the background population.
biHS requires a MAF of 5%, which is not given for CHS.
doi:10.1371/journal.pgen.1004681.t001
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the rate of clearance of some viruses, at least HCV, across human
groups.
It has been proposed that gene loss may exert an important role
in evolution, including human evolution [39], and the loss of
otherwise conserved regulatory elements may play a role in the
acquisition of human-specific phenotypes [40]. Loss-of-function
mutations show global signatures of purifying selection [41–43]
and tend to carry detrimental effects [44]. A few exceptions exist,
though, where truncating polymorphisms show signatures of
positive or balancing selection [45–50]. Still, as with other targets
of selection, most of these cases lack biological interpretation. In
fact, IFNL4 joins a small group of known genes where a striking
signature of local adaptation is coupled with a clear molecular
phenotype (e.g. [46,47,51]), which in this case is also associated
with disease risk. As such, it contributes to our understanding of
how recent human evolution has shaped genetic and phenotypic
human diversity, including present-day heterogeneity in suscept-
ibility to disease.
Materials and Methods
Molecular Evolution of IFNL4 across species
In order to explore the level of functional constraint in IFNL4,
we estimated the level of protein conservation in primate and non-
primate mammals. Specifically, we assessed the ratio (dN/dS) of
non-synonymous substitutions per non-synonymous site (dN) to
synonymous substitutions per synonymous site (dS) across gene
orthologs. Since purifying selection eliminates deleterious protein-
coding changes, dN/dS decreases with negative selection and
increases with relaxed constraint and positive selection.
We used human IFNL4 reference sequence NM_001276254.2
to BLAT genomes of other species and generate multiple-species
sequence alignment of IFNL4 coding exons 1 through 5 (Table
S8). The panda-predicted IFNL4 ortholog was subsequently used
as BLAT query to extract coding exons for additional non-primate
species (Table S8). Further, we sequenced IFNL4 (exons and
introns) in genomic DNA and reconstructed complete IFNL4
cDNA sequences of chimpanzee (Genbank accession JX867772),
baboon (Genbank accession KC525947) and crab-eating macaque
(Genbank accession KC525948). The whole IFNL4 genomic
region is absent in mouse or rat. All discovered functional IFNL4
sequences (Table S8) where used for a multiple-sequence
alignment which was created using ClustalW [52] and annotated
with Jalview [53].
The alignment was analyzed with codeml (part of PAML4 [54])
to test various models of selection. We estimated the overall dN/
dS for the complete tree and compared likelihoods for models that
allowed: i) free dN/dS for each branch (i.e., lineage heterogeneity);
ii) a primate-specific dN/dS; and iii) a human-specific dN/dS.
Additionally, we performed tests aimed to detect site-specific
signatures of positive selection across the phylogeny (branch
models): i) model 1a (neutral) vs. model 2 (positive selection); ii)
model 7 (neutral) vs. model 8 (with dN/dS.1); and iii) model 8a
(with dN/dS= 1) vs. model 8 (with dN/dS.1).
Human population genetic data
We analyzed genome-wide data from the 1000 Genomes release
(2010/11/23; phase I) [24]. We considered (1) autosomal variants
detected in the low coverage sequencing, and (2) populations with
information for at least 50 unrelated individuals, which was met by
13 populations from four different continents [African ancestry:
YRI (Yoruba in Ibadan, Nigeria), LWK (Luhya in Webuye,
Kenya), ASW (African Ancestry in Southwest US); European
ancestry: GBR (British from England and Scotland), CEU (Utah
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residents (CEPH) with Northern and Western European ancestry),
FIN (Finnish from Finland), TSI (Toscani in Italia); East Asian
ancestry: CHS (Han Chinese South), CHB (Han Chinese in
Beijing, China), JPT (Japanese in Toyko, Japan); American
ancestry: MXL (Mexican Ancestry in Los Angeles, CA), CLM
(Colombian in Medellin, Colombia), PUR (Puerto Rican in Puerto
Rico)]. As an exception PUR (Puerto Rico) was analyzed although
it contains only 44 individuals. Some analyses were performed
both by population and by continent; in these cases the continental
groups contain 150 randomly selected, unrelated individuals
(America 144) with an equal contribution from each population
within the continent.
For the rs368234815 DG/TT frameshift-substitution variant
the 1000 Genomes dataset only contains the T insertion/deletion
variant rs11322783 (-/T, chr19:39739154, dbSNP b138), while
the substitution rs74597329 (G/T, chr19:39739155, dbSNP b138)
is absent. This is due to the automatic variant caller failing to
correctly identify an insertion and a substitution in the same
genomic position. We sequenced an amplicon containing
rs368234815 in 153 individuals included both in the 1000
Genomes and HapMap sets (CEU, YRI and CHB/JPT).
Sequencing confirmed the presence of only two alleles (DG and
TT) and showed good concordance with the 1000 Genomes data
between our DG/TT genotypes and 1000 Genomes genotypes for
the overlapping insertion/deletion variant rs11322783 (4 indivi-
duals of 153 tested were discordant, providing an estimated 97.4%
genotype and 98.7% allele concordance rate). This validated the
use of 1000 Genomes dataset for our subsequent analyses. We
used the ancestral allelic state annotated in the 1000 Genomes
data, which is based on the Ensembl 59 comparative 32 species
alignment [55]; only SNPs with a high-confidence ancestral
inference were used, and indels were excluded due to their cryptic
variation patterns [56].
Signatures of selection
We used FST, iHS and XP-EHH to explore the signatures of
selection of rs368234815 TT allele. FST is a measure of population
differentiation and unusually high FST can indicate population-
specific positive selection that drastically increases allele frequency
in the population under selection [57]. To calculate FST we used
the Weir and Cockerham [25] estimator implemented in vcf-tools
[58].
Positively selected alleles rapidly increase in frequency with
recombination having little chance to break their association with
nearby variants. If the selected allele was originally in few
haplotype backgrounds and it has not reached fixation, it will be
associated with extended haplotype homozygosity (EHH), a
pattern that will be absent for the non-selected allele. We used
two statistics to explore this expectation. First, iHS [27] measures
the allele-specific decay of EHH within a population by comparing
the associated EHH of ancestral and derived alleles. Second, XP-
EHH [26] that detects alleles that are under selection in one
population only, by comparing EHH patterns both among allelic
types and across populations; as such XP-EHH has higher power
to detect population-specific selection. Low frequency variants
break the EHH signal, so following [59] we considered only SNPs
with derived allele frequency e 5% for XP-EHH or minor allele
frequency e 5% for iHS. Local recombination rate estimates were
obtained from a combined recombination map based on HapMap
data [60] from Africa, European, and Asian populations. Both
statistics were standardized to a mean of zero and a standard
deviation of one; for iHS, scores were then binned by frequency
(1%) as previously suggested [27]. Correlation of FST with XP-
EHH (CHS vs. YRI) or iHS (CHS) was calculated for all variants
present in the respective dataset with Spearman’s rank correlation
test implemented in R [61].
We used each of these statistics to analyze every non-African
population; for between-population comparisons we used Yoruba
as background, unless noted otherwise. To assess the putative
effects of this choice of populations we repeated the analyses for
continental groups, for different background populations, and for
SNPs that have their lowest allele frequency in Yoruba. In all cases
the empirical P-values were obtained by comparing the score for
rs368234815 to the whole-genome empirical distribution of the
respective statistic. Since this is a hypothesis-driven analysis with a
single variant analyzed within a single locus, no multiple testing or
genome-wide corrections are needed.
We also applied tests that analyze the signatures of selection in
the IFNL4 genetic region (,2.5 kb). Here we show results for Fay
and Wu’s H test [28], which detects the excess of high-frequency
derived alleles expected after a recent sweep with recombination.
Significance was estimated using 10,000 standard neutral
coalescent simulations [62]. Because demography affects the SFS
and can cause spurious results if not properly accounted for, our
simulations are run under a demographic model which includes
inferred parameters for populations of African [63], European
[63], Asian [63] and American [64] ancestry. A custom made perl
program (Neutrality Test Pipeline) was used to calculate the
statistic and corresponding P-value.
ABC analysis
To infer the model of selection that best fits IFNL4 data and
estimate the timing and selection strength of the TT allele, we used
an Approximate Bayesian Computation (ABC) approach [22]. In
particular, we followed a published approach [23], which has been
previously shown to discriminate well between SDN, SSV and
neutrality (NTR) [23]. In brief, this approach is based on
performing a large number of simulations under different selection
Figure 4. Map of the IFNL locus with locations of relevant SNPs (from Table 2) and the inferred recombination hotspot based on
recombination rates from [60].
doi:10.1371/journal.pgen.1004681.g004
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models, with random parameters drawn from some probability
distribution (called the prior distribution). Real data and simula-
tions are compared based on summary statistics, and through a
rejection scheme the simulations that most closely resemble real
data help inform inferences about the best-fitting model. The
parameter values that generate these simulations are then used to
obtain the posterior distribution of each parameter, whose mean
and standard deviation are used to perform the parameter
inferences. We extended the method to consider more than one
population, since two-population statistics are most informative in
our case.
Specifically, the approach uses msms [65] to simulate data,
custom python scripts to calculate all summary statistics, and
ABCtoolbox [66] for all ABC inferences. Under both selection
Figure 5. (A) Graphical representation of the different models of selection tested in the ABC analysis (NTR - neutral, SDN - selection
on a de novo mutation, and SSV - selection on standing variation). We simulated one ancestral population that splits at the out-of-Africa
event (at 51,000 years ago) into the African (AFR) and the non-African (non-AFR) populations, which experience subsequent migration. The star
indicates the appearance of the focal mutation. In the first case the neutral (black) mutation appeared and evolved under neutrality in both
populations. In the SDN model the advantageous mutation (red) is immediately under positive selection with strength sA, and time when selection
started tmut (the prior parameter space for tmut is indicated by a green line); selection strength is allowed to change in the non-African population to
sNA. In the SSV model the neutral (black) mutation appeared and evolved under neutrality, becoming advantageous in the non-African population
(red line) at time tmut. Prior parameter spaces can be found in methods. (B) Posterior probabilities of the model choice for the different selection
models under perfect additivity. (C) Posterior probabilities of the model choice for the different dominance models (and neutrality, NTR). For all
models except NTR the posterior probability represent the sum for the SDN and SSV selection models. (D) Posterior probabilities of the model choice
for the different selection models under the supra-additive model. In (B), (C), and (D), NTR has negligible posterior probability and is therefore not
visible.
doi:10.1371/journal.pgen.1004681.g005
Local, Adaptive Pseudogenization of IFNL4
PLOS Genetics | www.plosgenetics.org 9 October 2014 | Volume 10 | Issue 10 | e1004681
Chapter 1 – Main
20
models, we started with uniform priors with a range as follow (see
Fig. 5A):
(1) SDN model - selection strength in Africa sA,U(0,1.5%);
selection strength in non-Africa sNA,U(0.5,5%); time when
selection started tmut,U(40,70kya)
(2) SSV model - selection strength in non-Africa sNA,U(.0,5%);
frequency of the allele when selection started f0,U(0,20%);
time when selection started tmut,U(21,51kya)
(3) NTR model - time when mutation appears t,U(40,70kya)
Because simulations with the selected allele fixed are likely to be
very different from the observed data, we conditioned on the
selected allele segregating in both populations. This resulted in
non-uniform prior distributions presented in Figure S5 and S6. We
used 104 simulations to distinguish between the neutral model and
the two selection models, and a larger set of 86105 simulations for
the more subtle distinction between the two selection models and
for parameter estimation. For the simulations, we used the
population history model estimated by Gravel et al. [63] and
assumed a constant recombination rate of 1.76 cm/Mb through-
out the region (average recombination rate in the IFNL locus
[60]), and a perfectly additive model of dominance (h = 0.5). Lack
of an appropriate demographic model for American and non-
Yoruba African populations precludes analysis for those popula-
tions. The following single-population statistics were calculated:
the average number of pairwise differences p, Watterson’s h, Fay
and Wu’s H [28] and Tajima’s D [67], all for both 4 kb around
the site and a 8 kb (6 kb upstream and 2 kb downstream of the
site) interval around the TT allele. The between-population
statistics employed were: FST [68] for the selected site, FST in 4 kb
around the site, FST for the whole region, and XP-EHH on the
selected site [26]. In addition, we also included the frequency of
the selected allele in both populations. This resulted in a set of 16
summary statistics, which, following Wegmann et al. [69] and
Peter et al. [23], was reduced to seven summary statistics using
PLS-DA [70] for model choice and regular PLS for parameter
inference [71]. Performance of the ABC model choice and
parameter distribution for the SDN model has been assessed for
each particular model (Note S3). Confidence in the choice of
selection models has been supported with Bayes factors.
In addition, we investigated the influence of the dominance
model in our inferences. We analyzed a recessive model for TT
(h = 0), the perfectly additive model above (h = 0.5), and a supra-
additive model (h = 0.38), using 500,000 simulations for each
model. We run an ABC analysis for model selection with all
simulations (from all three dominance models and the three
selection models NTR, SDN, and SSV). We then assess the
posterior probability of each dominance model regardless of
selection model, and the posterior probability (and parameter
estimates) of each selection model for the additive and supra-
additive dominance models (see Note S4).
URLs
1000 Genomes, ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/
phase1/; GENCODE, http://pseudogene.org/psidr/; HapMap,
http://hapmap.ncbi.nlm.nih.gov; XP-EHH and iHS executables,
http://hgdp.uchicago.edu/Software/; VCFtools, http://vcftools.
sourceforge.net; ABCtoolbox: http://www.cmpg.iee.unibe.ch/
content/softwares__services/computer_programs/abctoolbox/index_
eng.html; msms: http://www.mabs.at/ewing/msms/
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Table 3. ABC results and inferred parameter estimates for the SDN model.
Pop P (in %) tmut (in kya) SA (in %) SNA (in %)
CHS 97.5 54.9 (41.1–68.6) 0.55 (0.16–1.22) 2.36 (0.57–4.75)
CHB 95.1 56.0 (41.4–68.6) 0.59 (0.17–1.21) 2.56 (0.57–4.84)
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TSI 81.8 59.2 (43.3–69.1) 0.72 (0.20–1.38) 2.48 (0.59–4.73)
FIN 74.0 59.3 (43.5–69.1) 0.70 (0.20–1.37) 2.40 (0.59–4.68)
P: posterior probability, tmut: time when selection started (based on a generation time of 25 yr), SA: selection coefficient in Africa (YRI), SNA: selection coefficient in the
non-African population. The 95% confidence interval (CI) is shown in brackets. Posterior distributions shown in Figure S5 and S6.
doi:10.1371/journal.pgen.1004681.t003
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Supplementary	Notes	
Supplementary	Note	1.	Assessment	of	selec2on	on	other	variants	in	the	IFNL	locus	
A	classical	problem	in	populaPon	genePcs	is	the	idenPﬁcaPon	of	the	parPcular	genePc	variant	
responsible	for	selecPon	signals.	The	rs368234815	TT	allele	has	a	strong	phenotypic	eﬀect	by	
truncaPng	IFNL4,	but	we	cannot	per	se	rule	out	that	another	allele	on	the	TT	haplotype	drives	the	
selecPve	signature.	As	Figure	3a-c	and	Supplementary	Figure	2	show	there	are	other	variants	with	
comparable	FST	or	XP-EHH	values.	The	two	variants	iniPally	described	as	being	associated	with	HCV	
clearance	are	rs12979860	[1,2]	and	rs8099917	[3].	Both	variants	show	weaker	combined	selecPon	
signals	than	the	TT	allele	(Supplementary	Fig.	2).	This	is	in	line	with	the	unclear	funcPonal	eﬀects	
of	these	variants	[4-8]	and	their	weaker	associaPon	with	HCV	clearance	compared	to	rs368234815	
in	several	populaPons	[9-11].	Thus,	rs12979860	and	rs8099917	are	much	weaker	candidates	to	be	
the	target	of	natural	selecPon.	
	 Only	one	variant	(rs8109886,	A>C,	19:39742762),	which	is	intergenic	and	located	3.3Kb	
upstream	of	IFNL4,	also	showed	the	combined	signatures	of	posiPve	selecPon	(XP-EHH	and	iHS)	
and	high	populaPon	diﬀerenPaPon	(Table	X1,	Supplementary	Fig.	2).	While	the	rs368234815	TT	
allele	has	a	very	clear	funcPonal	consequence,	no	funcPonal	eﬀect	has	been	described	for	
rs8109886.	SelecPon	can	act	only	on	variants	with	funcPonal	and	phenotypic	consequences,	
making	a	priori	the	TT	allele	a	much	more	reasonable	candidate	for	selecPon.	SPll,	to	tease	apart	
the	signatures	of	the	two	variants,	we	analyzed	the	frequencies	of	the	four	possible	allele	
conﬁguraPons	(haplotypes)	of	both	variants	(Figure	X1).	The	Figure	X1	shows	that	the	derived	C	
allele	of	rs8109886	resides	almost	exclusively	on	the	TT	haplotype	(a	single	ΔG-C		haplotype	in	LWK	
is	likely	the	result	of	recombinaPon),	suggesPng	the	derived	C	allele	appeared	in	the	TT	
background.	Figure	X1	also	shows	a	change	of	rs8109886	allele	frequencies	on	the	TT	background:	
while	both	rs8109886	alleles	are	equally	frequent	in	Africa,	TT-C	haplotype	has	a	higher	frequency	
than	TT-A	haplotype	in	all	other	populaPons.	To	determine	whether	this	observaPon	is	compaPble	
with	a	model	of	selecPon	on	TT	alone	we	used	simulaPons	with	the	parameters	for	the	SDN	model	
inferred	in	the	ABC	approach	(see	Methods,	SI	Note	3.1,	Table	3).	Given	the	frequencies	measured	
for	TT	in	Africa	and	Asia,	and	for	C	in	Africa,	we	obtained	a	probability	of	23.8%	for	the	C	variant	to	
reach	similar	or	higher	frequency	in	Asia	than	that	we	observed.	Thus,	the	skewed	padern	of	the	
TT-C	haplotype	in	Asia,	and	the	higher	FST	for	C,	are	not	unexpected	by	selecPon	on	TT	alone.	While	
we	cannot	completely	discard	the	possibility	that	C	alone	has	been	under	posiPve	selecPon,	and	
IFNL4	disrupPon	by	TT	is	a	byproduct	of	selecPon	on	this	linked	variant,	this	is	a	very	unlikely	
scenario	because:	(1)	No	funcPon	has	been	observed	for	rs8109886	despite	being	extensively	
scruPnized	due	to	the	associaPon	of	this	genomic	region	with	HCV	clearance;	(2)	the	TT	variant	has	
a	clear	and	important	funcPonal	consequence;	(3)	TT	has	in	addiPon	a	very	strong	signature	of	
posiPve	selecPon;	and	(4)	selecPon	favors	an	allele	that	shows	an	advantage	against	speciﬁc	viral	
infecPons.	In	any	case,	several	lines	of	evidence	indicate	that	the	high	frequency	of	IFN-λ4	
pseudogenizaPon	through	disrupPon	by	the	TT	allele	is	the	consequence	of	posiPve	selecPon	in	
East	Asia.	
Another	variant,	rs4803217	(within	IFNL3	3‘UTR),	was	recently	shown	to	be	funcPonal	and	thus	
suggested	to	contribute	to	the	HCV	associaPon	in	this	region	[12].	However,	this	variant	shows	
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weaker	selecPon	signals	than	rs368234815,	most	notably	in	European	populaPons	where	LD	
between	these	variants	is	less	strong	than	in	Asians,	and	in	African	populaPons,	where	these	
variants	are	only	in	moderate	LD	(r2=	0.62,	Table	2,	Fig.	S2).		
There	is	moderate	LD	between	IFNL4	and	IFNL3,	with	an	average	r2	between	rs368234815	and	
SNPs	in	IFNL3	of	0.18	in	CEU	and	of	0.44	in	CHS	(see	also	Fig.	S7).	So,	the	selecPon	signatures	in	
IFNL3	and	IFNL4	may	not	be	independent.	In	fact,	the	four	IFNL3	SNPs	(rs11881222,	rs12979860,	
rs8109886,	rs8099917)	idenPﬁed	by	Manry	et	al.	[13]	are	in	high	LD	with	rs368234815	but	have	(1)	
unclear	funcPonal	eﬀects,	(2)	weaker	associaPon	with	HCV	clearance	than	the	TT	allele	at	least	in	
Africa,	and,	importantly,	(3)	weaker	signatures	of	selecPon	(Table	2).	Thus,	the	signatures	for	these	
variants	are	most	likely	driven	by	linkage	with	rs368234815,	which	is	under	posiPve	selecPon	(Fig.	
S2,	Table	2).	Some	interesPng	variants	(rs8103142,	rs28416813)	which	also	have	high	derived	allele	
frequencies	(DAF)	in	CHS	and	signatures	of	selecPon	show	moderate	LD	with	rs368234815	(Table	
2).	SPll,	the	signatures	for	these	variants	are	most	likely	not	independent	from	rs368234815	
because	LD	is	reduced	by	recombinaPon	events	that	likely	aﬀect	the	ancestral	haplotype.	Of	the	47	
individuals	homozygous	for	the	TT	allele	in	CHS,	all	are	also	homozygous	for	the	derived	allele	of	
rs8103142,	and	46	are	also	homozygous	for	the	derived	allele	of	rs28416813.	Taken	together,	these	
lines	of	evidence	conﬁrm	that	IFNL1/2	and	IFNL3/IFNL4	have	likely	been	independently	targeted	by	
posiPve	selecPon	in	recent	human	history,	as	suggested	by	Manry	et	al.	[13],	and	highlight	that	the	
TT	allele	of	rs368234815	is	the	most	likely	selected	allele	in	this	region.	
Table	X1.	Analyses	of	rs8109886.	Derived	allele	frequency,	linkage	disequilibrium	(r2)	with	
rs368234815,	and	empirical	P-values	for	FST,	XP-EHH,	and	iHS	based	on	a	whole-genome	analysis	
for	every	populaPon.	FST	and	XP-EHH	use	YRI	as	background	populaPon.	
* iHS	could	not	be	computed	for	rs368234815	because	the	allele	frequency	is	too	high.		
$	YRI	is	used	as	background	populaPon	for	that	analysis	
	
Popula2on Frequency r2 p(FST) p(XP) p(iHS)
CHS	 0,97 1 0,001 0,004 	NA*
CHB	 0,94 0,8 0,001 0,006 0,07
JPT	 0,93 1 0,001 0,005 0,036
GBR	 0,55 0,6 0,054 0,279 0,014
CEU	 0,58 0,5 0,043 0,205 0,018
FIN	 0,63 0,7 0,028 0,199 0,031
TSI	 0,47 0,6 0,093 0,333 0,028
CLM	 0,42 0,6 0,119 0,711 0,016
MXL	 0,44 0,9 0,119 0,434 0,364
PUR	 0,55 0,5 0,056 0,202 0,052
ASW	 0,19 0,4 0,979 0,86 0,262
LWK	 0,25 0,3 0,302 0,592 0,999
YRI	 0,17 0,4 	-$ 	-$	 0,636
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Supplementary	Note	2.	Geographical	origin	of	the	rs368234815	TT	allele	
As	the	frequency	of	TT	is	higher	outside	of	Africa	than	in	Africa,	we	addressed	the	unlikely	
possibility	that	the	variant	appeared	outside	of	Africa	and	subsequently	migrated	back	to	Africa.	
Diversity	accumulated	on	the	IFNL4-TT	haplotype	is	expected	to	be	proporPonal	to	the	Pme	the	
variant	is	present	in	a	populaPon,	under	the	assumpPons	that	the	ΔG>TT	mutaPon	happened	only	
once,	and	that	nearby	variants	are	largely	neutral.	As	derived	TT	is	a	complex	mutaPon	and	leads	
to	inacPvaPon	of	IFNL4	both	assumpPons	are	reasonable.	
	 To	invesPgate	the	diversity	in	IFNL4	on	the	derived	TT	background	we	used	the	following	
criteria;	(1)	we	used	only	homozygous	individuals	TT/TT	and	(2)	we	compared	our	results	to	neutral	
regions.	First,	using	only	homozygous	individuals	excluded	inaccurate	phasing	as	a	source	of	error.	
All	populaPons	had	at	least	nine	homozygous	TT/TT	individuals	(which	we	randomly	chose)	except	
ASW	that	had	only	seven.	Second,	it	is	known	that	the	level	of	diversity	across	human	populaPons	
varies.	To	put	our	results	in	the	context	of	neutral	populaPon	diversity	we	also	esPmated	diversity	
for	a	set	of	pseudogenes	across	the	genome	in	the	same	individuals.	Speciﬁcally,	we	used	a	set	of	
pseudogenes	recently	described	by	GENCODE	[14],	which	integrated	funcPonal	genomic	
informaPon	from	ENCODE	[15].	We	required	every	pseudogene	to	be	autosomal	and	of	
retrotransposiPon	origin,	and	to	lack	any	indicaPon	of	transcripPonal	acPvity	or	open	chromaPn	
state.	This	resulted	in	867	pseudogenes	throughout	the	human	genome	covering	a	total	of	~560	
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Figure X1. Frequency of the different haplotypes of rs368234815 
and rs8109886 in each population. Haplotypes are denoted as 
followed:    ΔG-A;     ΔG-C;     TT-A; and     TT-C.
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Kb.	As	a	measure	of	diversity	we	used	the	Waderson	esPmator	[16],	which	is	based	on	the	number	
of	segregaPng	sites.	
	 The	highest	associated	diversity	of	TT	haplotypes	was	observed	in	Africa	(Supplementary	
Table	5),	which	is	in	line	with	genome-wide	esPmates	of	diversity	[17]	and	points	to	an	African	
origin	for	this	variant.	Speciﬁcally,	we	esPmate	the	highest	diversity	for	TT	haplotypes	and	the	
control	regions	in	LWK	(Luhya,	Kenya,	East	Africa).	However,	the	diversity	in	LWK	for	the	TT	
haplotypes	in	comparison	to	YRI	(second	most	diverse;	Yoruba,	Nigeria,	West	Africa)	is	25%	higher	
while	in	the	control	regions	this	is	merely	3%.	Even	though	a	chi-square	test	is	not	signiﬁcant	(P-
value	=	0.69)	due	to	small	sample	size,	this	excess	of	diversity	for	LWK	suggests	that	TT	may	have	
appeared	in	a	populaPon	in	Africa	more	closely	related	to	the	LWK	populaPon.	Outside	of	Africa	
only	one	TT	haplotype	is	present,	which	carries	the	TT	allele	and	three	linked	sites	(data	not	
shown).	In	Africa,	addiPonal	low-frequency	variants	accumulated	on	the	TT	haplotype.	The	
physical	posiPon	of	these	low-frequency	variants	is	interspersed	with	the	high-frequency	variants	
in	the	locus.	Thus	the	results	indicate	an	African	origin,	most	likely	in	a	populaPon	that	was	closer	
to	present-day	East	African	populaPons	such	as	LWK.	
	 Another	way	to	visualize	the	relaPonship	among	haplotypes	in	the	diﬀerent	populaPons	is	a	
haplotype	network.	We	created	the	haplotype	network	for	the	IFNL4	region	(incl.	UTRs,	
chr19:39736954-39739496)	for	all	populaPons	using	the	soyware	Network	[18].	As	outgroup	we	
used	chimpanzee	(pantro3	lastz	alignment	from	UCSC).	Figure	X2	shows	the	resulPng	network	for	
IFNL4	region	and	reveals	again	that	the	largest	variaPon	is	in	the	African	populaPons.	The	biggest	
cluster	carries	the	derived	TT	variant	and	contains	individuals	from	every	populaPon.	In	addiPon,	
haplotypes	carrying	the	TT	allele	are	present	elsewhere,	which	can	be	explained	by	isolated	
recombinaPon	events.	
Supplementary	Note	3.	Performance	of	the	ABC	approach	
As	with	any	ABC	approach,	it	is	important	to	assess	the	accuracy	and	ﬁt	of	the	inference	procedure	
to	the	data.	To	this	end,	we	used	10,000	simulaPons	from	each	model	to	test	the	performance	of	
ABC	for	each	of	our	models.	In	parPcular,	we	performed	the	following	tests:	i)	we	checked	if	we	
were	able	to	ﬁt	the	observed	data	with	the	simulaPons	from	the	models	we	used;	ii)	we	checked	
for	bias	and	power	in	the	model	choice	procedure	we	used;	iii)	we	checked	for	bias	and	accuracy	
for	parameter	esPmaPon	under	the	favored	SDN	model.	
Model	ﬁt	
We	ﬁrst	tested	if	our	models	are	capable	of	simulaPng	summary	staPsPcs	similar	to	the	ones	we	
observed	in	the	1000	Genomes	data.	For	simplicity,	we	will	just	report	the	best	ﬁzng	models	for	
one	European	(CEU)	and	one	Asian	(CHB)	populaPon.	In	Tables	X2	and	X3,	we	contrast	the	
summary	staPsPcs	of	the	ten	most	closely	ﬁzng	simulaPons	for	CEU	and	CHB	respecPvely,	along	
with	the	staPsPcs	calculated	from	the	observed	data.	In	Figures	X3	and	X4,	we	show	the	ﬁt	of	all	
pairwise	transformed	staPsPcs,	which	were	used	for	inference.	Overall,	we	ﬁnd	that	our	
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simulaPons	match	the	observed	data	reasonably	well.	Some	of	the	theta	esPmators	seem	hard	to	
match,	in	parPcularly	θH	and	thus	Fay	and	Wu’s	H	are	oyen	diﬀerent	even	for	simulaPons	that	
match	the	data	well.	For	the	transformed	staPsPcs	(Figures	X3	and	X4),	we	similarly	ﬁnd	that	all	
simulated	data	set	lie	within	the	range	of	the	models.	
Table	X2.	Summary	staPsPcs	of	observed	data	(ﬁrst	row)	and	best	ﬁzng	simulaPons	(rows	2-11)	
for	the	CHB	data.	
TD:	Tajima’s	D.	FWH:	Fay	and	Wu’s	H.	fpop1,	fpop2:	allele	frequency	of	selected	site	in	African	and	
Non-African	populaPon,	respecPvely.	The	ﬁrst	set	of	staPsPcs	(θPi,	θW,	θH,	TD,	FWH,FST)	
summarizes	the	staPsPcs	in	a	the	4Kb	region	around	the	selected	site,	the	second	set	is	in	a	8Kb	
region	around	the	selected	site.	
Table	X3.	Summary	staPsPcs	of	observed	data	(ﬁrst	row)	and	best	ﬁzng	simulaPons	(rows	2-11)	
for	the	CEU	data.	
TD:	Tajima’s	D.	FWH:	Fay	and	Wu’s	H.	fpop1,	fpop2:	allele	frequency	of	selected	site	in	African	and	
Non-African	populaPon,	respecPvely.	The	ﬁrst	set	of	staPsPcs	(θPi,	θW,	θH,	TD,	FWH,FST)	
summarizes	the	staPsPcs	in	a	the	4Kb	region	around	the	selected	site,	the	second	set	is	in	a	8Kb	
region	around	the	selected	site.  
SimNo. 	θPi 	θW 	θH TD FWH 	θPi2 	θW2 	θH2 TD2 FWH2 fpop1 fpop2 FST FST-sel FST2 XPEHH
CHB 1.083 1.93 7.26 -1.123 6.18 1.70 3.28 16.59 -1.37 14.89 32 95 0.225 0.596 0.313 -1.85
47719 1.329 2.12 9.74 -0.977 8.41 1.43 2.90 9.74 -1.40 8.31 29 91 0.221 0.568 0.425 -1.70
73116 0.786 1.74 8.53 -1.367 7.74 2.71 4.25 13.51 -1.06 10.80 37 99 0.221 0.609 0.369 -1.66
98779 1.320 2.32 8.84 -1.143 7.52 1.44 3.09 12.72 -1.50 11.28 45 99 0.246 0.526 0.217 -1.78
268260 1.017 1.74 8.72 -1.036 7.70 2.21 4.44 15.33 -1.49 13.12 33 92 0.188 0.537 0.378 -1.83
405839 1.184 2.12 10.51 -1.155 9.33 1.61 3.09 14.21 -1.34 12.61 24 88 0.230 0.583 0.336 -1.88
450840 0.885 1.74 8.79 -1.225 7.91 1.74 3.86 11.94 -1.59 10.20 30 94 0.238 0.602 0.347 -1.63
512612 0.747 1.55 8.65 -1.253 7.90 1.81 3.86 13.57 -1.54 11.76 24 83 0.255 0.513 0.396 -1.96
637368 1.131 2.12 9.94 -1.220 8.81 1.21 2.51 9.94 -1.40 8.73 33 88 0.238 0.476 0.362 -1.84
672200 0.991 1.74 8.26 -1.073 7.27 1.39 3.28 11.85 -1.63 10.46 36 89 0.197 0.456 0.389 -1.79
684814 0.925 1.93 6.93 -1.332 6.01 1.65 3.48 14.09 -1.50 12.44 36 93 0.208 0.519 0.318 -1.58
SimNo. 	θPi 	θW 	θH TD FWH 	θPi2 	θW2 	θH2 TD2 FWH2 fpop1 fpop2 FST FST	s-
sel
FST2 XPEHH
CEU 3.39 2.51 4.84 0.9396 1.45 5.40 4.06 11.21 0.96289 5.814 32 75 0.126 0.306 0.166 -1.318
122975 3.13 2.70 6.38 0.4326 3.25 4.62 4.06 7.72 0.40786 3.096 23 66 0.125 0.308 0.312 -0.722
140712 2.88 1.74 5.61 1.6344 2.73 6.31 4.06 11.47 1.61999 5.157 27 64 0.141 0.235 0.140 -1.447
192363 2.94 4.06 4.17 -0.8020 1.23 6.43 7.15 8.20 -0.31177 1.769 31 83 0.160 0.427 0.187 -1.414
379389 3.25 3.67 4.53 -0.3266 1.27 5.48 5.60 6.73 -0.06739 1.248 35 74 0.244 0.258 0.205 -1.341
410678 3.01 3.48 4.62 -0.3796 1.61 4.80 5.41 6.74 -0.34037 1.938 21 68 0.166 0.359 0.347 -0.887
550177 3.25 2.51 6.37 0.7948 3.11 5.68 5.41 10.89 0.14910 5.215 32 81 0.104 0.386 0.133 -1.300
560536 3.78 3.67 6.94 0.0885 3.16 5.02 5.02 7.67 -0.00074 2.646 26 76 0.113 0.394 0.131 -1.162
685594 3.82 2.90 6.10 0.8834 2.28 5.24 4.64 8.34 0.38649 3.097 29 74 0.162 0.330 0.281 -0.816
713709 3.67 3.86 5.71 -0.1471 2.04 5.21 5.21 6.14 -0.00352 0.936 25 69 0.191 0.319 0.155 -1.379
751923 3.77 2.70 5.26 1.0757 1.49 5.53 5.02 9.08 0.30031 3.555 30 70 0.193 0.269 0.200 -1.249
Chapter 1 – Supplementary Material
30
  	
Figure	X3.	Fit	of	parameter	to	the	Asian	populaPons	(CHB,	CHS	and	JPT)	to	the	models	using	the	
transformed	staPsPcs.	The	purple	dots	show	the	observed	staPsPcs	from	the	CHB,	CHS	and	JPT	
populaPons.	The	black,	grey	and	light	blue	point	clouds	correspond	to	5,000	samples	each	from	
the	priors	for	the	SSV,	NTR	and	SDN	models,	respecPvely.	
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  	
Figure	X4.	Fit	of	parameter	to	the	European	populaPons	(CEU,	FIN	GBR	and	TSI)	to	the	models	
using	the	transformed	staPsPcs.	The	purple	dots	show	the	observed	staPsPcs	from	the	CEU,	FIN,	
GBR	and	TSI	populaPons.	The	black,	grey	and	light	blue	point	clouds	correspond	to	5,000	samples	
each	from	the	priors	for	the	SSV,	NTR	and	SDN	models,	respecPvely.	
Bias	and	accuracy	of	model	choice	
To	infer	bias	in	the	model	choice,	we	applied	the	model	choice	procedure	to	10,000	data	sets	
simulated	with	parameters	drawn	randomly	from	the	prior	distribuPon	for	each	of	the	SDN,	SSV	
and	NTR	models.	We	recorded	which	model	the	simulaPons	were	assigned	to	in	Figure	X5.	We	ﬁnd	
that	we	overall	have	high	power	to	recover	the	correct	model,	with	76%	of	the	SSV	and	95%	of	the	
SDN	simulaPons	being	assigned	correctly	under	the	Asian	demographic	model,	and	70%	of	the	SSV	
and	97%	of	the	SDN	simulaPons	being	assigned	correctly	under	the	European	demographic	model.	
The	fact	that	we	have	a	higher	chance	of	recovering	the	SDN	model	compared	to	the	SSV	model	
indicates	that	the	model	choice	has	a	slight	bias	in	favor	of	the	SDN	model,	which	we	should	keep	
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in	mind	when	interprePng	our	results.	In	parPcular,	for	the	European	populaPons	(CEU,	FIN,	GBR	
and	TSI),	our	results	suggest	that	the	SDN	model	is	favored	by	a	posterior	probability	of	roughly	
80%,	corresponding	to	a	Bayes	factor	of	around	4	(Table	3).	According	to	Jeﬀrey’s	interpretaPon	
[19],	this	sPll	provides	substanPal	evidence	in	favor	for	the	SDN	model	versus	the	SSV	model.	Given	
the	bias,	however,	we	interpret	the	evidence	in	Europe	more	conservaPvely	as	non-conclusive.	For	
the	Asian	populaPons	(CHB,	CHS	and	JPT),	the	evidence	for	the	SDN	model	is	much	stronger,	with	
the	posterior	probability	for	the	SDN	model	being	between	91.3%	and	97.5%,	corresponding	to	a	
Bayes	Factor	of	at	least	10.	Thus,	even	with	the	bias	in	mind,	these	results	should	be	interpreted	as	
substanPal	evidence	for	the	SDN	model.	
  	
Figure	X5.	Model	choice	accuracy.	We	performed	the	model	choice	for	10,000	simulated	data	sets	
for	both	the	SDN	and	SSV	model	using	the	European	(eur)	and	Asian	(asi)	demographic	model.	The	
violin	plots	show	the	distribuPon	of	assigned	posterior	probabiliPes	for	each	model.	The	
proporPon	of	correctly	assigned	models	is	given	above	the	plot.	
Bias	and	accuracy	of	the	parameter	esPmates	
In	order	to	test	for	a	bias	in	the	parameter	esPmates,	we	calculated	the	coverage	property	[20-22]	
and	relaPve	error	of	the	median.	The	coverage	property	is	the	property	that	the	true	parameter	
value	should	lay	within	a	conﬁdence	interval	of	the	Pme.	ViolaPons	may	indicate	some	bias,	most	
likely	due	to	the	approximaPons	used	in	the	ABC	procedure.	In	addiPon,	we	also	report	the	
distribuPons	of	error	of	the	median	of	the	distribuPon,	i.e.	the	distance	between	the	median	of	
our	posterior	distribuPon	to	the	parameter	the	data	set	was	simulated	under.	This	can	be	used	to	
assess	the	accuracy	of	our	parameter	esPmates.	The	coverage	for	the	three	parameters	we	
esPmate	is	given	in	Figures	X6	and	X7,	and	the	accuracy	in	Figures	X8	and	X9.	
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	 We	ﬁnd	that	both	models	perform	idenPcal,	with	the	coverage	and	relaPve	error	plots	
being	very	similar	for	both	demographic	models.	Coverage	deviates	slightly	from	uniform,	but	not	
in	a	magnitude	that	appears	to	be	worrisome.	In	the	European	model,	the	error	distribuPons	are	
reasonable;	the	average	mean	error	for	the	10,000	simulaPons	is	0.0069	coalescence	units	for	the	
Pme	the	mutaPon	arose.	For	the	selecPon	strength,	the	mean	error	is	40.6	and	153	in	Africans	and	
Europeans,	respecPvely.	Under	the	Asian	model,	the	errors	are	0.0068,	40.9	and	151,	which	are	
similar	to	those	in	Europeans.	
  	
Figure	X6.	Coverage	of	parameters	under	the	SDN	model	in	the	Asian	demographic	model.	If	the	
esPmates	of	the	ABC	approach	are	unbiased,	the	resulPng	distribuPon	should	be	uniform.	From	
these	plots	we	infer	that	the	posteriors	for	tmut	(t_mut)	are	slightly	too	narrow,	sA	(s_Africa)	is	
slightly	over-	and	sNA	(s_Asia)	slightly	underesPmated.	
  	
Figure	X7.	Coverage	of	parameters	under	the	SDN	model	in	the	European	demographic	model.	If	
the	esPmates	of	the	ABC	approach	are	unbiased,	the	resulPng	distribuPon	should	be	uniform.	
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From	these	plots	we	infer	that	the	posteriors	for	tmut	(t_mut)	are	slightly	too	narrow,	sA	(s_Africa)	is	
slightly	over-	and	sAN	(s_Europe)	slightly	underesPmated.	
  	
Figure	X8.	Error	in	parameters	under	the	SDN	model	in	the	Asian	demographic	model.	We	show	
the	distribuPon	of	the	relaPve	error	of	the	median	for	10,000	simulaPons.		
  	
Figure	X9.	Error	in	parameters	under	the	SDN	model	in	the	European	demographic	model.	We	
show	the	distribuPon	of	the	relaPve	error	of	the	median	for	10,000	simulaPons.		
Supplementary	Note	4.	Inves2ga2on	of	the	eﬀects	of	diﬀerent	dominance	models	in	the	ABC	
analysis.	
As	stated	in	the	main	text,	complete	dominance	for	the	derived	TT	allele	is	highly	unlikely	both	
because	of	its	funcPonal	eﬀect	and	the	odds	raPos	(ORs)	of	the	diﬀerent	genotypes	for	HCV	
clearance.	The	eﬀect	of	the	TT	allele	might	be	fully	recessive,	as	both	ΔG/ΔG	homozygotes	and	ΔG/
TT	heterozygotes	have	funcPonal	IFN-λ4,	although	perhaps	in	diﬀerent	amounts.	A	model	of	
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addiPvity	is	likely	both	because	it	is	reasonable	that	the	level	of	IFN-λ4	protein	might	be	relevant,	
and	because	heterozygotes	have	an	intermediate	phenotype	to	the	two	homozygotes	with	regards	
to	HCV	clearance	[11,23].	
We	thus	applied	our	ABC	approach	to	infer	the	most	likely	dominance	model	and	to	invesPgate	the	
eﬀects	it	has	on	our	ABC	results.	We	invesPgated	three	reasonable	scenarios:	
1. Complete	recessiveness	for	TT	(h=0).	
2. Perfect	addiPvity	for	ΔG	and	TT,	where	heterozygotes	have	a	ﬁtness	that	is	exactly	in-between	
the	two	homozygotes	(h=0.5).	
3. Another	model	that	has	been	proposed	based	on	the	OR	for	HCV	clearance	given	the	three	
genotypes	of	rs12979860	(T>C)	[23],	an	intronic	SNP	in	strong	LD	with	rs368234815	(Table	2)	
that	thus	serves	as	a	proxy	for	the	dominance	eﬀects	of	rs368234815.	Taking	ancestral	T/T	as	
baseline,	the	OR	for	heterozygotes	T/C	(OR	=	1.48)	is	closer	to	the	OR	of	T/T	homozygotes	than	
of	C/C	homozygotes	(OR	=	3.88),	thus	the	authors	propose	a	supra-addiPve	model	of	
dominance,	which	is	no	more	than	an	addiPve	model	where	h	is	<0.5.	Following	these	OR	
values,	we	esPmate	an	h=0.38	and	use	it	as	our	supra-addiPve	model.	
We	performed	500,000	simulaPons	for	each	of	these	models	(recessive,	addiPve,	supra-addiPve)	
for	both	the	SDN	and	the	SSV	model	of	selecPon,	and	10,000	simulaPons	under	neutrality	(NTR).	
We	then	run	our	ABC	analysis	for	model	selecPon,	and	determined	the	posterior	probability	for	
each	of	the	dominance	models	regardless	of	the	model	of	selecPon	(SDN	+	SSV),	and	neutrality.	In	
all	East	Asian	populaPons	we	observe	marginal	support	for	the	recessive	model	(4%),	with	the	
support	for	the	addiPve	(56%)	and	supra-addiPve	(44%)	models	being	very	similar	(slightly	higher	
for	the	addiPve	model,	Fig.	5c).	In	Europe	the	results	are	less	clear	(as	they	are	less	clear	in	
Europeans	for	all	our	ABC	analyses)	but	the	recessive	model	sPll	has	a	lower	posterior	probability	
(26%)	than	both	the	addiPve	(36%)	and	supra-addiPve	(38%)	models	(Fig.	5c).	Those	results	are	in-
line	with	our	expectaPons	as	the	genePc	associaPon	with	HCV	clearance	is	not	consistent	with	a	
recessive	model.	
We	then	focused	on	the	two	addiPve	models	and	ask	whether	model	selecPon	and	parameter	
esPmates	are	sensiPve	to	the	details	of	these	addiPve	models.	We	analyzed	the	simulaPons	under	
the	addiPve	and	supra-addiPve	models,	and	performed	our	ABC	analysis.	Regarding	model	
selecPon,	in	East	Asia	both	addiPve	models	provide	very	similar	results,	in	line	with	our	original	
ABC	analyses.	Speciﬁcally,	in	both	dominance	models	SDN	is	strongly	favored	in	East	Asia,	with	a	
posterior	probability	of	97-94%	for	the	addiPve	and	94-90%	for	the	supra-addiPve	model	(Fig.	5b	
and	5d).	In	Europe	the	results	are	weaker	again	but	consistent,	and	support	the	SDN	model	for	the	
addiPve	(86-74%)	and	supra-addiPve	(81-67%)	models	(Fig.	5b	and	5d).	Thus,	based	on	Bayes	
factor	addiPve	and	supra-addiPve	models	show	strong	support	for	the	SDN	model	in	East	Asia	
(Bayes	factor	~14),	and	substanPal	support	for	SDN	in	Europe	(Bayes	factor	~3).	In	addiPon,	
parameter	esPmates	are	also	similar	in	both	addiPve	models	(addiPve:	Fig.	S5	and	supra-addiPve:	
Fig.	S6).		
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Supplementary	Note	4.	Inves2ga2on	of	signatures	of	balancing	selec2on	in	Africa,	and	of	
posi2ve	selec2on	in	non-synonymous	variants	on	ΔG	background	
Long-term	balancing	selecPon	maintains	several	alleles	in	a	populaPon	and	enhances	genePc	
diversity.	That	is	in	contrast	with	posiPve	or	purifying	selecPon,	which	favor	only	the	best	available	
allele	and	result	in	populaPon	homogeneity	[24].	Given	that	pseudogenizaPon	of	IFNL4	via	TT	is	
advantageous	in	some	human	populaPons	(at	least	in	East	Asia)	while,	funcPonal	IFNL4	(ΔG)	has	
been	evoluPonarily	maintained	throughout	the	mammal	clade,	it	is	possible	that	both	alleles	have	
been	under	balancing	selecPon	in	some	populaPons	(for	example,	through	temporal	or	spaPal	
variaPon	in	selecPon).	This	would	ﬁt	with	the	intermediate	frequencies	observed	in	African	
populaPons	(Figure	X10),	if	for	example	an	advantageous	TT	variant	carried	a	locally	deleterious	
phenotype	that	prevented	its	rise	in	frequency	in	parPcular	populaPons.	Given	the	funcPon	of	IFN-
λ4	in	immune	defense,	this	could	be	driven	by	variability	in	the	pathogenic	environment	[25].	In	
humans,	for	example,	a	scenario	where	two	alleles	in	the	FLT1	gene	ﬂuctuate	between	being	
advantageous/deleterious	in/out	of	malaria	season	has	been	described	[26].	
a)	IFNL4	region		 	 	 	 b)	Control	regions	
    	
Figure	X10.	SFS	is	shown	(a)	for	the	IFNL4	region	including	the	3’	and	5’	UTRs	
(chr19:39736954-39739496)	and	(b)	for	the	control	regions	(pseudogenes,	see	text	below).	The	
SFS	is	based	on	50	individuals	for	each	of	the	populaPons	but	PUR	(44	individuals).	We	show	three	
populaPons	per	conPnent.	
	 To	test	for	addiPonal	signatures	of	natural	selecPon,	speciﬁcally	of	balancing	selecPon,	in	
the	IFNL4	region	(including	the	3’	and	5’	UTR’s;	chr19:39736954-39739496)	we	applied	a	number	
of	neutrality	tests.	The	HKA	[27]	test	is	based	on	the	assumpPon	that	under	neutrality	divergence	
is	proporPonal	to	diversity	(polymorphism),	and	both	are	solely	dependent	on	the	mutaPon	rate.	
Under	selecPon,	though,	this	raPo	is	aﬀected:	long-term	balancing	selecPon	is	expected	to	result	in	
an	enrichment	of	polymorphisms,	while	complete	(or	nearly	complete)	sweeps	of	posiPve	
selecPon	will	result	in	a	deﬁcit	of	polymorphisms	(or	an	excess	or	subsPtuPons).	To	idenPfy	such	
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signatures,	the	HKA	test	compares	the	raPo	of	diversity	to	divergence	of	the	test-locus	and	control-
loci.		
	 We	used	pseudogenes	as	a	proxy	for	neutrality,	and	we	refer	to	these	regions	as	our	
‘control	regions’	(set	of	pseudogenes	described	in	Supplementary	Note	2).	For	these	regions	and	
our	region	of	interest	diversity	was	calculated	as	the	number	of	SNPs,	and	divergence	as	the	
number	of	subsPtuPons	compared	to	chimpanzee,	assessed	using	the	pantro3	lastz	alignment	
from	UCSC.	
Neutrality	tests	such	as	Tajima’s	D	[28]	and	MWUhigh	[29,30]	invesPgate	the	distribuPon	of	allele	
frequencies	(the	allele	frequency	spectrum,	SFS,	Figure	X10)	of	our	region	of	interest	compared	to	
neutral	expectaPons.	The	SFS	is	aﬀected	by	natural	selecPon,	with	balancing	selecPon	oyen	
resulPng	in	a	skew	towards	intermediate	frequency	alleles.	Both	tests	are	sensiPve	for	such	an	
excess,	and	thus	have	power	to	detect	balancing	selecPon.	Another	SFS-based	neutrality	test,	Fay	
and	Wu	[31]	(FW),	is	sensiPve	to	an	excess	of	high-frequency	derived	SNPs,	and	thus	detects	
paderns	of	recent	hard	sweeps	(complete,	classical	sweeps	from	a	de	novo	mutaPon).	
We	esPmated	signiﬁcance	for	all	four	tests	using	10,000	standard	neutral	coalescent	simulaPons	
[32].	Because	demography	aﬀects	the	SFS	and	can	cause	spurious	results	if	not	properly	accounted	
for,	our	simulaPons	are	run	under	a	demographic	model	which	includes	inferred	parameters	for	
populaPons	of	African	[33],	European	[33],	Asian	[33]	and	American	[34]	ancestry.	In	the	case	of	
the	HKA	we	simulated	demography	since	the	split	between	chimp	and	humans	using	a	divergence	
Pme	of	six	million	years	ago.	A	custom	made	perl	program	(Neutrality	Test	Pipeline)	was	used	to	
calculate	the	staPsPc	and	its	P-value.	
	 Tajima’s	D	and	MWUhigh	reveal	marginal	non-signiﬁcance	for	European,	American,	and	
African	populaPons	(Supplementary	Table	7),	which	could	in	principle	be	interpreted	as	a	
signature	of	either	weak	balancing	selecPon	or	balancing	selecPon	that	maintains	alleles	at	a	
frequency	considerably	lower	than	50%	in	the	populaPon.	Under	long-standing	balancing	selecPon	
we	also	expect	an	excess	of	diversity	due	to	the	long-term	maintenance	of	two	or	more	alleles	in	
the	populaPon;	this	signature	is	detected	by	the	HKA	test.	HKA	shows	no	deviaPon	from	neutral	
expectaPons	(Supplementary	Table	7),	and	thus	no	excess	of	diversity	and	no	evidence	of	long-
term	balancing	selecPon	that	predates	the	expected	coalescent	Pme	under	neutrality.	Rarely,	the	
excess	of	intermediate-frequency	alleles	captured	by	Tajima’s	D	and	MWUhigh	can	also	be	the	
result	of	an	ongoing	parPal	sweep	(reviewed	in	[35])	and	by	selecPon	from	standing	variaPon	[36].	
So	while	our	results	argue	against	long-term	balancing	selecPon	in	Africa	and	elsewhere,	recent	
balancing	selecPon	or	other	selecPve	explanaPons	cannot	be	discarded.	
	 As	the	transcript	with	the	ΔG	allele	encodes	a	funcPonal	protein,	we	assessed	whether	
putaPvely	funcPonal	variants	in	this	haplotype	show	signatures	of	natural	selecPon.	To	invesPgate	
such	a	scenario	we	analyzed	the	signature	of	selecPon	for	the	three	described	non-synonymous	
variants	in	IFNL4	[11],	all	residing	on	the	ΔG	haplotype.	To	avoid	a	confounding	impact	of	the	TT	
haplotype	we	condiPoned	on	the	ΔG	haplotype	and	calculated	FST,	XP-EHH	and	iHS.	No	signature	
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of	natural	selecPon	for	any	of	the	variants	was	observed	(data	not	shown).	However,	all	of	them	
are	in	such	low	frequencies	that	these	tests	have	very	low	power	[37,38].	Thus	we	can	not	exclude	
any	beneﬁcial	eﬀect	for	parPcular	variants	that	could	putaPvely	modify	the	funcPon	of	the	ΔG	
haplotype.	
Supplementary	Tables	
Supplementary	Table	1.	PAML	results	using	either	(a)	all	species	and	(b)	only	primates.	
a)	
b)	
Model	1 Model	2 P-value Es2mate	model	1 Es2mate	model	2
One	dN/dS dN/dS	<	1 3,45294E-27 dN/dS	=	0.23
“ free	branch 0,03 “ tree	(see	Figure	1)
“ primate 0,87 “ dN/dS	M2	=	0.24
“ human 0,92 “ dN/dS	M2	=	0.23
neutral	M1 selecPon	M2 1
neutral	M7 selecPon	M8 0,5 ﬂagged	6W,	103G,	144A
neutral	
M8a selecPon	M8 0,81
neutral	
M2a selecPon	M2 1 ﬂagged	136K,	151K
Model	1 Model	2 P-value Es2mate	model	1 Es2mate	model	2
One	dN/dS dN/dS	<	1 2,70252E-09 dN/dS	=	0.217
“ free	branch 0,08 “
“ old	world	monkeys 0,72 “ dN/dS	M2	=	0.24
“ human 0,55 “ dN/dS	M2	=	0.37
neutral	M1 selecPon	M2 0,91 ﬂagged	59Q,	126A,	129G
neutral	M7 selecPon	M8 0,69
neutral	
M8a selecPon	M8 0,65
neutral	
M2a selecPon	M2 0,72 ﬂagged	139K,	154K
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Supplementary	Table	2.	Frequency	of	rs368234815	TT	allele	in	the	1000	Genomes	dataset	and	the	
subset	of	50	unrelated	individuals	per	populaPon	used	for	analyses.	
Supplementary	Table	3.	FST	values	and	corresponding	empirical	P-values	for	rs368234815	using	
diﬀerent	background	populaPons:	(a)	ASW,	(b)	LWK	(c)	GBR,	and	(d)	in	the	conPnental	comparison.	
Table	(e)	shows	the	empirical	P-value	of	FST	for	rs368234815	based	on	genome-wide	SNPs	with	
lowest	frequency	in	YRI	(compared	to	ASW	and	LWK).	
a)	
Popula2on Frequency	1000Genomes Frequency	50	individuals
CHS 0.97 0.97
CHB 0.94 0.95
JPT 0.9 0.93
CEU 0.77 0.75
FIN 0.73 0.71
GBR 0.66 0.68
PUR 0.65 0.65
TSI 0.58 0.61
CLM 0.52 0.55
MXL 0.51 0.47
LWK 0.44 0.49
ASW 0.39 0.36
YRI 0.29 0.32
Popula2on	vs.	ASW FST FST	P-value
CHS 0.586 0.002
CHB 0.552 0.003
JPT 0.520 0.004
GBR 0.178 0.056
CEU 0.260 0.025
FIN 0.212 0.042
TSI 0.110 0.115
CLM 0.062 0.164
MXL 0.017 0.434
PUR 0.145 0.043
YRI -0.006 0.684
LWK 0.026 0.110
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b)	
c)	
d)	
Popula2on	vs.	LWK FST FST	P-value
CHS 0.448 0.016
CHB 0.411 0.021
JPT 0.376 0.026
GBR 0.063 0.253
CEU 0.126 0.139
FIN 0.088 0.203
TSI 0.020 0.498
CLM -0.002 0.888
MXL -0.007 0.947
PUR 0.041 0.274
YRI 0.050 0.036
ASW 0.026 0.110
Popula2on	vs.	GBR FST FST	P-value
CHS 0.448 0.016
CHB 0.411 0.021
JPT 0.376 0.026
GBR 0.063 0.253
CEU 0.126 0.139
FIN 0.088 0.203
TSI 0.020 0.498
CLM -0.002 0.888
MXL -0.007 0.947
PUR 0.041 0.274
YRI 0.050 0.036
ASW 0.026 0.110
Con2nent	vs.	Africa FST FST	P-value
Asia 0.522 0.005
Europe 0.185 0.054
America 0.048 0.194
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e)	
Supplementary	Table	4.	Empirical	P-values	for	the	XP-EHH	analysis	for	rs368234815	(a)	using	GBR	
as	background	populaPon	or	(b)	in	conPnental	comparison.	
a)	
b)	
Popula2on	vs.	YRI	low FST FST	P-value
CHS 0,6273 0,008
CHB 0,5952 0,01
JPT 0,5637 0,01
GBR 0,22 0,08
CEU 0,3054 0,05
FIN 0,2561 0,08
TSI 0,1471 0,13
CLM 0,0927 0,19
MXL 0,0367 0,36
PUR 0,1854 0,09
LWK 0,0495 0,04
ASW -0,0059 0,74
Popula2on	vs.	GBR XP-EHH	P-value
CHS 0,04
CHB 0,06
JPT 0,04
Con2nent	vs.	Africa XP-EHH	P-value
Asia 0.004
Europe 0.05
America 0.127
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Supplementary	Table	5.	Diversity	associated	with	the	TT	haplotype	in	each	populaPon,	as	
measured	with	Waderson’s	esPmator	and	using	only	TT/TT	homozygous	individuals	(nine	in	each	
populaPons,	seven	in	ASW)	(see	Supplementary	Note	2).		
SNPs:	number	of	SNPs	in	locus.	
Supplementary	Table	6.	ABC	results	and	inferred	parameter	esPmates	for	the	(a)	SSV	model	and	
(b)	the	neutral	model.		
P:	posterior	probability,	tmut:	Pme	of	selecPon	(based	on	a	generaPon	Pme	of	25yr),	f0:	frequency	
of	site	at	selecPon	iniPaPon,	SNA:	selecPon	coeﬃcient	in	the	non-African	populaPon.	The	95%	
conﬁdence	interval	(CI)	is	shown	in	brackets.	
a)	SSV	
b)	NTR	
IFNL4	region Control	region
Popula2on SNPs Wacerson SNPs Wacerson
CHS 4 1,163 988 287,2
CHB 4 1,163 989 287,5
JPT 4 1,163 1021 296,8
GBR 4 1,163 1092 317,5
CEU 4 1,163 1035 300,9
FIN 5 1,454 1081 314,3
TSI 5 1,454 1066 309,9
CLM 4 1,163 1131 328,8
MXL 4 1,163 1107 321,8
PUR 4 1,163 1217 353,8
ASW 5 1,572 1310 411,9
LWK 11 3,198 1525 443,4
YRI 8 2,326 1482 430,9
Pop P	(in	%) tmut	(in	ky) tmut	(in	4Ne) f0 SNA	(in	%) SNA	(in	2Ne*s)
CHS 2,5 42.0	(25.6-50.4) 0.042	(0.026-0.050) 0.148	(0.050-0.197) 1.17	(0.18-4.12) 235	(36-824)
CHB 4,9 41.1	(24.3-50.4) 0.041	(0.024-0.050) 0.159	(0.074-0.198) 1.08	(0.16-3.89) 217	(31-779)
JPT 8,7 41.0	(24.0-50.3) 0.041	(0.024-0.050) 0.162	(0.084-0.198) 1.11	(0.16-3.97) 222	(31-794)
CEU 14,7 39.6	(22.2-50.3) 0.040	(0.022-0.050) 0.154	(0.065-0.197) 1.07	(0.11-3.49) 215	(21-699)
GBR 15,2 40.8	(22.6-50.4) 0.041	(0.023-0.050) 0.151	(0.059-0.197) 0.79	(0.03-2.84) 159	(6-568)
TSI 18,1 40.6	(22.5-50.4) 0.041	(0.022-0.050) 0.152	(0.060-0.197) 0.74	(0.03-2.64) 147	(6-528)
FIN 26 39.9	(22.3-50.3) 0.040	(0.022-0.050) 0.151	(0.059-0.197) 0.98	(0.06-3.32) 197	(11-664)
Popula2on P	(in	%)
CHS 8,36E-10
CHB 3,3E-07
JPT 4,08E-06
CEU 0,025
GBR 0,004
TSI 0,007
FIN 0,043
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Supplementary	Table	7.	Tajima’s	D	(TD),	HKA,	and	MWUhigh	results.	All	tests	were	performed	for	
three	populaPons	per	conPnent.	
Supplementary	Table	8.	IFNL4	orthologous	exons	retrieved	through	BLAT	search	with	human	
reference	IFNL4-ΔG	(for	primate	species)	and	the	panda	ortholog	(for	non-primate	species).	Note,	
other	species	(Gorilla,	Gibbon,	Rabbit,	Squirrel,	Cow)	did	not	show	a	funcPonal	ORF.	
Popula2on	 TD TD	P-value HKA	P-value MWUhigh	P-value
CHS -1.82 0.98 0.95 0.90
CHB -1.23 0.86 0.81 0.71
JPT -1.12 0.82 0.90 0.73
GBR 1.36 0.08 0.92 0.06
CEU 0.75 0.19 0.93 0.19
TSI 1.63 0.05 0.99 0.04
CLM 1.26 0.07 0.94 0.10
MXL 1.60 0.04 0.95 0.03
PUR 0.97 0.11 0.78 0.08
ASW 0.90 0.04 0.68 0.07
LWK 0.60 0.08 0.66 0.06
YRI 0.07 0.20 0.93 0.23
Species Genome Locus
Chimpanzee CGSC	2.1.3/panTro3 chr19:44470368-44471812
Orangutan WUGSC	2.0.2/ponAbe2 chr19:40176375-40177819
Rhesus	macaque MGSC	Merged	1.0/rheMac2 chr19:45682211-45683649
Squirrel	monkey Broad/saiBol1 JH378281:400232-401677
Marmoset WUGSC	3.2/calJac3 chr22:32548950-32550394
Dog Broad/canFam2 chr1:113939036-113940582
Panda BGI-Shenzhen	1.0/ailMel1 GL193591.1:278303-279771
Pig SGSC	Sscrofa10.2/susScr3 chr14:143802216-143803657
Megabat Broad/pteVam1 scaﬀold_8982:28501-29915
Elephant	ortholog	1 Broad/loxAfr3 scaﬀold_99:2541944-2543345
Elephant	ortholog	2 Broad/loxAfr3 scaﬀold_99:2549984-2551385
Mouse GRCm38/mm10 absent
Rat Baylor	3.4/rn4 absent
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Supplementary Figure 1. Empirical P-values of the FST and XP-EHH analyses for all non-Asian 
populations using YRI as background within a +-15kb region around rs368234815.
    /    denotes FST and XP-EHH for rs368234815 respectively;     /    denotes FST and XP-EHH for all other 
variants in the region. All XP-EHH values are connected by a ﬁtting curve (yellow line). The 1% tail of 
the genomic empirical distribution is indicated by the horizontal, dashed line.
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Supplementary Figure 2. Empirical P-values of the XP-EHH and FST analysis in the IFNL cluster for all 
populations. 
Diamonds/Dots indicate the results for XP-EHH and FST respectively.    /    rs368234815;
     /     rs12979860;    /    rs8099917;    /    rs8109886;    /    rs30461;    /    rs4803217;    /    all other 
variants in the IFNL cluster. All XP-EHH values are connected by a gray ﬁtting curve. The horizontal 
dashed line indicates the 5% tail of the empirical distribution and the grey shaded area the 
recombination hotspot.
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Supplementary	Figure	3.	Haplotype	structure	+-15Kb	around	rs368234815	for	three	popula2on	
per	con2nent.		
Columns	represent	SNPs	with	a	derived	allele	frequency	>	5%	in	at	least	one	populaPon	(n=99	
SNPs),	with	the	ancestral	allele	in	white,	and	the	derived	allele	in	black.	Horizontal	lines	represent	
the	haplotypes	they	fall	in,	as	inferred	with	SHAPEIT	by	the	1000	Genomes	consorPum	[17].	
Haplotypes	were	sorted	based	on	rs368234815	(red	arrow)	and	SNPs	in	perfect	LD	with	it	in	CHS	
(black	arrows);	see	also	Table	2	and	Figure	4.	The	bar	on	the	ley-hand	side	of	each	plot	indicates	
haplotypes	carrying	the	TT	allele	(red)	or	the	ΔG	allele	(blue).	
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Supplementary Figure 4. Shown is the haplotype network of IFNL4 (incl. UTRs). Circles 
represent haplotypes with the areas proportional to the frequency of the haplotype and 
color-coded by population (YRI:   ; ASW:   ; LWK:   ; CEU:   ; GBR:   ; TSI:   ; FIN:   ; PUR:   ; 
MXL:   ; CLM:   ; JPT:   ; CHB:   ; CHS:   ). The lines connecting the haplotypes have a length 
proportional to the number of mutations that differentiate the two haplotypes. The TT 
mutation is indicated by a red arrow. Reticulations reflect recombinations or recurrent 
mutations. The ancestral state was inferred using chimpanzee (UCSC, pantro3).
ancestral
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Supplementary Figure 5. Parameter estimates for the additive model using a (a) SDN or (b) SSV 
model of selection for Asian and European populations
The histogram in gray indicates the prior distribution and the colored lines the posterior estimate for each 
population.
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(b) SSV selection model for Asian and European populations. The histogram in gray indicates the 
prior distribution and the colored lines the posterior estimate for each population.
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  	
Supplementary	Figure	7.	Linkage	disequilibrium	(LD)	pacerns	across	the	IFNL	locus	in	three	
representa2ve	popula2ons	(a)	YRI,	(b)	CEU,	(c)	CHB)	using	100	chromosomes	per	populaPon.	LD	is	
esPmated	using	r2	and	assessment	of	LD	blocks	(yellow	lines)	follows	Gabriel	et.	al	[39].	The	red	
line	indicates	the	posiPon	of	rs368234815.	
IFNL4IFNL3 IFNL2 IFNL1
c) CHB
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 2 
 
Abstract 
The influence of positive selection sweeps in human evolution is increasingly 
debated, although our ability to detect them is hampered by inherent uncertainties in 
the timing of past events. Ancient genomes provide snapshots of allele frequencies 
in the past and can help address this question. We combine modern and ancient 
genomic data in a simple statistic (DAnc) to time allele frequency changes and 
investigate the role of drift and adaptation in population differentiation. Only 30% of 
the most strongly differentiated alleles between Africans and Eurasians changed in 
frequency during the colonization of Eurasia, but in Europe these alleles are enriched 
in genic and putatively functional alleles to an extent only compatible with local 
adaptation. Adaptive alleles –especially those associated with pigmentation— are 
mostly of hunter-gatherer origin, although lactose persistence arose in a haplotype 
present in farmers. These results provide evidence for a role of local adaptation in 
human population differentiation. 
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Introduction 
Genomes carry the footprint of their history, and inform us about the demographic 
and adaptive processes experienced by populations. For example, geographic 
distance between human populations correlates with their genetic allele frequency 
differentiation, e.g.1,2, even when considering only the alleles with the strongest allele 
frequency differentiation2. This shows that neutral processes such as drift played a 
fundamental role in the (modest) genetic differentiation that exists among present-
day human populations. However, it is also clear that populations have at least 
partially adapted to their local environment through natural selection, resulting in both 
genetic and phenotypic population differentiation (e.g.3-7). 
 
Establishing the contribution of neutral and adaptive processes to population genetic 
differentiation remains challenging. A strategy that has sometimes proven successful 
is to compare putatively neutral sites with those that are potentially non-neutral. For 
example, both putative targets of positive selection3 and the most differentiated 
alleles among human populations2,8 tend to be enriched in genic variants. This is 
consistent with local positive selection raising the frequency of adaptive genic alleles 
in certain populations2,8. Nevertheless, non-adaptive processes (e.g. increased drift 
in genic regions due to purifying and background selection) also play a role. In fact, 
the excess of highly differentiated genic alleles can be fully recovered by simulations 
with background selection, leaving little evidence for the effect of local adaptation in 
population differentiation2. This suggests, perhaps counter-intuitively, that even the 
most extreme cases of population differentiation may be neutral. In addition, human 
adaptation might be largely polygenic9,10 resulting in modest population 
differentiation (e.g.11-13). These views challenge the notion that large allele frequency 
differences between populations can be used to identify the targets of positive 
selection. 
 
An important problem of existing approaches is that they are limited by the imperfect 
and indirect information that present-day genomes provide about the time of allele 
frequency changes. In humans it is for example difficult to precisely distinguish 
changes that happened during strong bottlenecks (e.g. the out-of-Africa migration 
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that substantially increased drift14) or in other periods (e.g. during the subsequent 
colonization of territories outside of Africa, when populations likely adapted to novel 
environments). We address this question by exploiting the unprecedented availability 
of high-quality ancient human genomes, which provide snapshots of allele 
frequencies back in time.  
 
A number of recent studies have used DNA of ancient Europeans to explore the 
evidence that positive selection raised the frequency of pre-ascertained SNPs15-19, 
showing that ancient DNA can enhance the identification of individual selective 
sweeps. We aim to investigate the influence of positive selection on population 
differentiation, rather than studying the trajectory of individual alleles. For this we use 
whole ancient genomes (up to 45,000 years old) to improve our inferences on the 
origin of allele frequency differences across human populations. Specifically, we 
integrate modern and ancient genetic information in a new statistic that helps 
disentangle the effects of drift and adaptation on rapid, geographically localized 
allele frequency changes. Incorporating this information provides clear evidence for 
positive selection raising the frequency of advantageous genic SNPs in Europe and 
contributing to strong population differentiation. These alleles include both previously 
identified targets of positive selection (e.g. those involved in pigmentation and 
lactase tolerance) as well as many new alleles. We also show that these alleles were 
mostly contributed by ancient hunter-gatherers, who resided in Europe thousands of 
years before the arrival of southern farmer groups.  
 
Results and Discussion 
Overview 
Ancient genomes contain valuable information on the genetic make-up of ancestral 
populations, and combined with modern genomes hold the potential to improve the 
resolution of inferences on the timing of past allele frequency changes. Here we 
combine modern and ancient genomic information to study allele frequency 
differentiation and to explore the evidence for local adaptation in Eurasian human 
populations.  
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Present-day population differentiation 
We first explored the genetic differentiation of present-day populations as done in 
previous approaches that considered lower number of SNPs2,8. For each SNP in the 
1000 Genomes dataset20 we compute the difference in derived allele frequency 
between pairs of populations; then, for each bin in this distribution, we calculate the 
ratio of genic alleles vs. all alleles (genic plus non-genic) normalized by the global 
ratio (following Coop et al.2, Methods). This shows a significant enrichment in genic 
SNPs among the most strongly differentiated alleles between any African and any 
European or East Asian population (Fig. 1A for CHB, Han Chinese in Beijing, China; 
Fig. 1B for GBR, British from England and Scotland; Supplementary Fig. 1 for other 
Eurasian populations). The same pattern emerges with other measures of population 
differentiation (FST; Supplementary Fig. 2) and when significance is assessed 
through a weighted block jackknife21 to account for the presence of linkage 
disequilibrium (LD) in the tails (Supplementary Fig. 3). The pattern of genic 
enrichment is symmetric in both tails and (as shown by Coop et al.2) can be 
recovered by simulations with background selection (Supplementary Fig. 4). This is 
because background selection further increases the effect of drift during the out-of-
Africa bottleneck, resulting in larger allele frequency changes in genic than in non-
genic regions22. 
 
Thus, after accounting for background selection, these analyses provide no evidence 
that local adaptation has driven allele frequency differentiation between Eurasian and 
African populations. Nevertheless, the approach is hampered by the fact that we 
cannot distinguish the many allele frequency changes that happened during the out-
of-Africa bottleneck (largely due to drift) from the changes that occurred during the 
subsequent colonization of novel environments, which may have contributed to local 
adaptation. To elucidate the effect of both, ancient human genomes are particularly 
useful. 
 
Integrating ancestral genomes in population differentiation 
We use the high-quality genome from Ust’-Ishim, a 45,000-year-old modern human 
whose remains were found in Siberia23. Ust’-Ishim has been inferred to belong to an 
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early Eurasian population that shared the out-of-Africa bottleneck and the 
Neanderthal admixture with modern Eurasians23 and that diverged from the 
ancestors of Western and Eastern Eurasians before (or approximately 
simultaneously with) their split from each other (Ust’-Ishim is equally distant to East 
Asians and ancient Eurasians23) (Fig. 2A). Thus, the Ust’-Ishim individual provides 
extremely valuable information about the genetic make-up of modern humans shortly 
after the out-of-Africa bottleneck. This sample yielded 42-fold genome-wide 
coverage23), so while no other comparable genome exists the high-quality genotypes 
of the Ust’-Ishim genome can be used as a proxy for the genome-wide allele 
frequencies in its population. These are based on two chromosomes (so the 
frequency is 0, 0.5, or 1) and are obviously very noisy for any given SNP. 
Nevertheless, under the reasonable assumption that the individual is representative 
of its population (we have no evidence to the contrary), the two alleles should 
represent a random sample of the allele frequency distribution in Ust’-Ishim’s 
population, which allows inferences at the genome scale.  
 
We incorporate Ust’-Ishim in the analysis of present-day population differentiation 
with the Differentiation with Ancestral (DAnc) statistic, which is calculated per SNP: 
  𝐷𝐴𝑛𝑐 (𝑃!,𝑃!,𝐴) =  𝑃! − 𝐴 −  | 𝑃! − 𝐴 |   , or     (1) 
 𝐷𝐴𝑛𝑐 (𝑃!,𝑃!,𝐴) =  ∆ 𝑃! ,𝐴 −  ∆(𝑃! ,𝐴)      (2) 
 
where P1 and P2 are the estimated derived allele frequency for present-day 
populations 1 and 2, and A for the ancestral population. The statistic can be 
extended to consider population-based ancestral information if available, but as 
discussed above here we use the Ust’-Ishim genotypes. 
 
The DAnc statistic ranges from -1 to 1 and it is most informative in its extreme 
values. A DAnc of -1 or 1 can only be reached when P1 and P2 are 0 (or 1) for 
different alleles (a fixed difference between these two populations) and A is equal to 
one of them (here, Ust’-Ishim is homozygote for one of the two alleles). The range of 
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intermediate DAnc values is obtained either with low-to-moderate allele frequency 
differentiation between P1 and P2 (regardless of A), or with A intermediate between 
P1 and P2 (regardless of P1 and P2), so intermediate values are not as informative. 
Alleles where A is highly differentiated from both P1 and P2 fall also in the 
intermediate DAnc rage. 
 
For example, given population P1 of African ancestry and population P2 of Eurasian 
ancestry DAnc(Africa, Eurasia, Ust’-Ishim), DAnc ~ 1 is compatible, ignoring 
uncertainty in allele frequency, with Ust’-Ishim being very similar to the Eurasian 
population, and both of them being very different from Africa (allele frequency 
changes inferred to have happened most likely over the orange part of Fig. 2A). For 
convenience we define the alleles with DAnc ≥ 0.8 (alleles with | P1 - P2 | ≥ 0.8 and 
Ust’-Ishim homozygote for the Eurasian allele) as the African tail. These sites are 
obviously strongly influenced by the out-of-Africa bottleneck, although they also 
include Africa-specific allele frequency changes. DAnc ~ -1 reflects the opposite 
scenario: Ust’-Ishim being very similar to Africa, both of them very different from 
Eurasia. This European or East Asian tail (DAnc ≤ -0.8) contains the alleles that 
experienced a sharp increase in allele frequency on the Eurasian branch after Ust’-
Ishim and thus after the out-of-Africa bottleneck (blue part of Fig. 2A). The inference 
is obviously noisy for each individual allele, but the Eurasian DAnc tails are 
presumably enriched for any putative target of strong, recent positive selection in 
Eurasian populations.  
 
DAnc for East Asian and European populations 
We first used the DAnc statistic to investigate the allele frequency differentiation 
between Yoruba from Africa (YRI) versus East Asia (CHB, Fig. 1C). There are 5,113 
alleles in the tails of the DAnc (YRI, CHB, Ust’-Ishim) distribution, 69% falling in the 
African tail and 31% falling in the East Asian tail. This shows that the population 
differentiation in CHB is strongly influenced by the out-of-Africa bottleneck. When we 
investigate the enrichment of genic alleles across DAnc values, results largely agree 
with the two-population differentiation results above, showing an enrichment of genic 
alleles in the two tails of the DAnc distribution (Fig. 1C). The enrichment in genic 
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alleles is slightly stronger in the African tail (not significantly so, Fig. 1C), a pattern 
consistent across East Asian populations (Fig. 1E and Supplementary Fig. 5, 
Supplementary Fig. 6) and expected with increased drift in genic regions during the 
out-of-Africa bottleneck. In fact, our simulations that combine realistic demographic 
models (Fig. 2A, Supplementary Fig. 7, Methods) with stronger background selection 
in genic loci recapitulate well these results (B score = 0.9 in Fig. 1G). 
 
We then compared Yoruba with Europe using GBR (British from England and 
Scotland) (Fig. 1D). The tails of this distribution contain less alleles than the tails of 
the East Asian one (1,910 SNPs), consistent with weaker drift in Europe compared 
with East Asia (e.g.24). Of those alleles, 73% fall in the African tail and 27% in the 
European tail, again consistent with the influence of the out-of-Africa bottleneck. This 
analysis also shows an enrichment of genic alleles in both tails but, surprisingly, the 
enrichment is much stronger in the European tail. This results in a biased enrichment 
pattern, with the European tail being significantly more enriched in genic alleles than 
the African tail (Fig. 1D). The pattern is identical in other European populations (Fig. 
1F and Supplementary Fig. 8), and the biased enrichment remains when significance 
is assessed with a weighted block jackknife approach21, that accounts for LD in the 
tails (with the only exception of TSI, Supplementary Fig. 9), and when we use only 
sites where the derived allele frequency is higher in Europe than in Africa 
(Supplementary Fig. 10). It also remains when we use Luhya (LWK; from Kenya) 
rather than YRI although not always significantly so with the weighted block jackknife 
approach (Supplementary Fig. 11) probably due to the effect of recent Western 
Eurasian gene flow25. When we explore different genetic annotations (protein 
changing, conserved, or regulatory) only putatively regulatory sites show a stronger 
enrichment in the European than the African tail, although the effect is due to the 
genic sites (Supplementary Note 1). 
 
Our results thus indicate that genic alleles changed in frequency disproportionally in 
Europeans after divergence of the Ust’-Ishim population, a pattern absent in East 
Asians. Not surprisingly, simulations under a realistic demographic model of human 
populations26 (Fig. 2A, Supplementary Fig. 7) that include background selection but 
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no positive selection cannot explain our observations (Fig. 1H and Supplementary 
Fig. 12). Simulations using a more complex demographic scenario in Europe, with 
several ancient groups including early hunter-gatherers, farmers, and Basal 
Eurasians (Fig. 2B, Supplementary Fig. 7 see below and Methods) also fail to 
explain the biased DAnc genic enrichment pattern (Supplementary Fig. 13). Allelic 
surfing (the random change in allele frequencies in the front of an expanding 
population27) is an unlikely explanation because it is not expected to be stronger in 
Europeans than in East Asians, as they both experienced similar population 
expansion26. Also, a specific transition that has higher mutation rate in Europeans 
than in other groups (TCC to TTC28) cannot explain the biased DAnc pattern 
because these alleles are overwhelmingly at low frequency28 and there is no 
overrepresentation of transitions in the DAnc European tail (rate of transitions: 0.39; 
resampling P-value: 0.904). Finally, no allele in this tail is identified as having 
Neandertal origin in genome-wide maps of Neandertal introgression29.  
 
Taken together, these results indicate that the biased European DAnc pattern is best 
explained by local adaptation in European populations. The absence of a similar 
signature in East Asians is likely due to the stronger drift experienced by these 
populations24, which increased the presence of neutral alleles in the East Asian tail. 
In any case, these results suggest that positive selection has played an important 
role in the (otherwise modest) differentiation of present-day human populations.  
 
DAnc with low-coverage ancient genomes and modern genomes 
The benefit of using ancient genomes is illustrated in the fact that the DAnc analysis 
reveals a signature of local adaptation that is absent in similar approaches that use 
modern genomes alone (Figure 1A and 1B). Yet, the Ust’-Ishim genome is of 
unusually high coverage and quality for an ancient sample, so we explored the effect 
of coverage on DAnc. Using data from a single Ust’-Ishim library with low coverage 
(1.6-fold) resulted in no significant genic enrichment in the European tail 
(Supplementary Fig. 14). This is due both to the erroneous inclusion and the 
erroneous exclusion of alleles in the tail (considering the 42-fold Ust’-Ishim DAnc tail 
our gold standard, the DAnc 1.6x Ust’-Ishim tail shows a sensitivity of 0.6 and a 
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specificity of 0.79). So when population samples are not available, high sequence 
coverage is necessary in this approach.  
 
In addition, we explored the advantage provided by ancient genomes by replacing 
Ust’-Ishim in DAnc with one present-day human (we considered five high-coverage 
present-day humans of Asian or Oceanian ancestry from Meyer et al.30). These 
results (Supplementary Data 1) overall confirm the genic enrichment in the European 
tail. But results are inconsistent across the five genomes and the magnitude of the 
bias rarely reaches that obtained with Ust’-Ishim. This is likely due to the drift in this 
third, modern human population. Replacing Ust’-Ishim by allele frequency 
information from an East Asian population (CHS, CHB, or JPT from the 1000 
Genomes) the number of alleles in the European tail is too low to perform meaningful 
analyses. Therefore using an ancient genome improves our power to infer the timing 
of allele frequency differentiation, a gain that will only grow with larger numbers of 
high-quality ancient genomes.  
 
The functional consequences of alleles in the genic tails 
Natural selection targets only functional alleles, while random genetic drift affects 
sites regardless of functionality. Alleles with important functional consequences are 
thus expected to be largely constrained and unlikely to substantially change allele 
frequency solely due to drift. To further explore the contribution of drift and natural 
selection in the differentiation of genic alleles we measured their evolutionary 
conservation and their putative functional effects. Phylogenetic conservation was 
assessed with phastCons31 on a 33 placental mammal alignment excluding humans. 
The genic African tails are depleted of strongly conserved sites (Fig. 3A, P-value < 
0.01), but not of non-conserved sites (Fig. 3B) when compared with equally-sized 
sets of random SNPs. This is not surprising, as it reflects allele frequency changes 
during the out-of-Africa bottleneck affecting mostly weakly conserved sites. This 
pattern is absent in the European and East Asian tails (Fig. 3A and 3B), and it is 
actually reversed in the European tail, which is significantly enriched in strongly 
conserved sites (Fig. 3A, P-value < 0.05).  
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A similar comparison is not possible for non-synonymous and synonymous SNPs 
due low numbers in the DAnc tails (5 to 23 non-synonymous SNPs in tails), but is 
possible for sites with and without putative regulatory function according to 
regulomeDB (ENCODE)32. The genic European tail shows a significant enrichment in 
putatively regulatory sites (category 1, P-value < 0.001) and a significant depletion in 
sites with no evidence of regulatory function (category 7, P-value < 0.001) (Fig. 3C 
and 3D). This suggests that the European tail is particularly enriched in functional 
sites, a result that is independent from the analyses above (only one tail allele is both 
in regulomeDB category 1 and phastCons > 0.9). In the East Asian analysis both 
tails show enrichment in regulomeDB category 1 SNPs (P-value < 0.001), but no 
depletion in category 7 SNPs (Fig. 3C and 3D). 
 
The observed excess of strongly constrained and putatively regulatory alleles in the 
genic DAnc European tail is highly unlikely under a scenario of drift alone, but it is 
again compatible with the action of positive selection driving the changes in 
frequency of functionally relevant alleles. 
 
Highly differentiated alleles in ancient Europeans 
Our understanding of European population history has improved considerably in 
recent years with the analysis of ancient DNA (e.g.33-35). Current evidence suggests 
that during the Neolithic transition early European farmers from the Near East 
colonized Europe and admixed with local hunter-gatherer populations33,34. So while 
the agricultural revolution largely replaced hunter-gatherer subsistence practices, 
Europeans display ancestry from both populations in their genomes. To understand 
the contribution of these two populations to the European DAnc tail we analyzed the 
high-quality genome of Loschbour, a ~8,000 year old west European hunter-
gatherer, and of Stuttgart, a ~7,000 year old early European farmer33 that, like Ust’-
Ishim, we consider representative of their respective populations (Fig. 2B). 
Importantly, these two genomes were produced by the same team and in parallel 
and their data are largely comparable33.  
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We explored the contribution of these two ancestral populations to the pool of highly 
differentiated European alleles. Specifically, we focus on the alleles in the tails of the 
European (GBR) DAnc distribution and ask whether the Loschbour and Stuttgart 
individuals carry the high-frequency European allele. In the genic European tail 
Stuttgart has 10.4% fewer European alleles than Loschbour (Fig. 4A). This difference 
is significant (P-value < 0.001) and absent in non-genic alleles. As before, the 
signature is comparable among European populations (the increased proportion in 
Loschbour is 13.2% for FIN, 7.6% for CEU, 7.6% for TSI; Supplementary Fig. 15) 
and the trend remains when we use only sites where the high-frequency allele in 
Europe is the derived one (Supplementary Fig. 16). The Stuttgart genome has a 
higher accumulation of transitions than the Loschbour genome (likely due to ancient 
DNA damage) but the pattern holds when we use only transversions (Supplementary 
Fig. 17) or homozygous sites (Supplementary Fig. 18). Therefore, our analysis 
shows that relative to Stuttgart, Loschbour carried more of the genic alleles that are 
today highly differentiated in European populations. PCA analyses of these 
populations using SNPs in the different tails are largely consistent with this 
(Supplementary Fig. 19). This suggests that hunter-gatherers contributed 
disproportionally to the highly differentiated alleles within genes in Europe but, 
intriguingly, not outside of genes. 
 
Next, we tested whether this observation can be explained by demography and 
background selection alone. We used the established model of human 
demography26 with Ust’-Ishim23 and incorporated Loschbour and Stuttgart based on 
a previously inferred demographic model33 (Fig. 2B, Supplementary Fig. 7) and their 
observed heterozygosities (Supplementary Fig. 20-21, Methods). We note that our 
model has a lower Ne in the Hunter-Gatherer population (Loschbour, Ne ~ 400) than 
in the Farmer population (Stuttgart, Ne ~ 500), and it includes the basal Eurasian 
population, the proposed eastern non-African population that contributed genetically 
to the population of Stuttgart (Fig. 2B)33. Figures 4B and 4C show the results of our 
simulations under increasing levels of background selection. The number of highly 
differentiated European alleles in Stuttgart is lower than in Loschbour (due to the 
lower Ne of Loschbour in our model), but the difference is not significant and is 
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smaller (on average 3.4% less) than in the actual genomes, regardless of the 
strength of background selection simulated (Supplementary Fig. 22). Additional 
models with very extreme (even unrealistic) values of Ne in either population also 
failed to reproduce our observations in magnitude and significance of the enrichment 
(Supplementary Fig. 23). While the Ne of these populations is uncertain, this 
analysis shows that even strong variation in Ne does not account for our 
observations. Thus, neutrality and background selection do not explain the patterns 
observed. 
 
Available genetic information for other ancient European individuals (e.g.15,17,18,34-38) 
could unfortunately not be used. This is because these individuals are either younger 
than Loschbour and Stuttgart (and thus less informative in our approach), have low 
average sequence coverage of their genomes (hampering the use of genome-wide 
individual genotypes) or do not represent well-defined populations in time and space 
(hindering our ability to accurately estimate past allele frequencies). An important 
exception is NE1, the genome of a 7,000 years old farmer from Hungary, with an 
average genome coverage of ~22X16. Interestingly, NE1 and Stuttgart are equally 
close to present-day European populations, but NE1 is slightly closer (not 
significantly) to the hunter-gatherer than Stuttgart is (based on D-statistics, Z-
score=1.93, Supplementary Table 1 and PCA, Supplementary Fig. 24; see also 
Supplementary Note 2). This is consistent with gene flow between the populations of 
Loschbour and NE1. Like Stuttgart, NE1 has fewer alleles from the DAnc genic 
European tail than Loschbour (Supplementary Fig. 25), although the difference 
between the two genomes is not significant, consistent with Loschbour-to-NE1 gene 
flow.  
 
We conclude that the genomes of hunter-gatherers contained many putatively 
advantageous alleles that are found at very high frequency in present-day 
Europeans, and that are absent from the genome of a contemporaneous farmer 
(Stuttgart). This is consistent with hunter-gatherers, who lived in Europe for 
thousands of years before the later arrival of farmers, having already adapted to their 
local European environments. Interestingly, the genome of a farmer that shows 
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modest evidence of admixture with hunter-gatherers (NE1) bears already some of 
these alleles.  
 
Biological function of SNPs in the European tail 
The alleles in the genic European DAnc tail are good candidates to have contributed 
to local adaptation, although obviously this tail likely contains some neutral alleles 
too. All SNPs in this tail are presented in Figure 5 and Supplementary Data 2. We 
further explored whether sets of them are enriched in certain gene ontology (GO) 
categories. This analysis benefits from larger numbers of SNPs so we considered 
the union of all alleles in the genic European tail for the DAnc analysis between the 
African YRI and any European (GBR, FIN, TSI, CEU) population. We also divided 
this set into those where the high-frequency European allele is exclusively present 
either in Loschbour or Stuttgart. Each SNP set was turned into a gene set and GO 
enrichment analyses were run using 100,000 random SNPs as background 
(Methods); each gene is included only once even if it contains several SNPs in the 
set (that is, linked SNPs do not affect the signature).  
 
We identify one single significantly enriched functional category (cellular component): 
melanosome membrane (P-value = 0.004, Supplementary Table 2) for the European 
tail alleles present exclusively in Loschbour Two genes drive this signature: OCA2 
with ten SNPs and SLC45A2 with five SNPs. Both of them harbor variation known to 
affect pigmentation39 and have classical signatures of positive selection40,41, recently 
supported by a targeted SNP analysis in several ancient European samples17,19. The 
derived allele upstream of OCA2 (rs12913832 in HERC2) is associated with blue iris 
color in Europeans42 and light skin pigmentation43; both this variant and its linked 
variation show that Loschbour carried the predominant European haplotype (Fig. 
6A). The derived allele in SLC45A2 non-synonymous rs16891982 is associated with 
lighter skin pigmentation and increased melanoma risk in Europeans44,45. No 
ancestral genome carries rs16891982’s derived allele, but Loschbour carries the 
haplotype that, in present-day populations, is linked to the derived allele (Fig. 6B). 
Therefore hunter-gatherer populations likely contributed both OCA2 and SLC45A2 
advantageous alleles to the European gene pool. This agrees well with these 
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populations inhabiting northern European areas before the arrival of southern farmer 
groups. Lighter skin pigmentation has been proposed to be advantageous in 
northern latitudes to sustain vitamin D3 production in low UV environments46. Blue 
iris color may be advantageous to reduce the risk of seasonal affective disorder (also 
known as winter depression) in high latitudes47, increase sensitivity to glare48, or for 
sexual selection49. 
 
Another interesting target of positive selection in Europe is lactase persistence 
(LP)5,50. It has been proposed that LP was introduced in Europe during the Neolithic 
transition and the introduction of farming culture51,52. It is known that the two derived 
alleles associated with LP in Europe (in rs4988235 and rs182549)53 are absent in the 
two ancient genomes33 and are not observed in Europe until ~2,300 BC in an 
individual of inferred steppe ancestry17. But the European tail includes a large 
number of alleles in the lactase enhancer region and the LP haplotype 
(chr2:135859371-136740900) which are exclusively present in Stuttgart (65% of 
Stuttgart specific targets; Fig. 6C). Thus the haplotype that is today associated with 
LP in Europe originated most likely in this genetic background, which we detect only 
in the Stuttgart farmer although this individual itself did not carry the LP allele. 
SLC45A2 and Lactase exemplify the advantage of using genomic information and 
haplotypes to identify the source population of interesting alleles, as approaches 
based solely on the associated SNPs (ignoring linked variation) depend fully on the 
chance that the sequenced individuals happen to carry it.  
 
Conclusion 
We present a joint analysis of present-day and ancient genomes to study genome-
wide, worldwide patterns of modern human population differentiation. The accuracy 
of the DAnc statistic and our approach is limited by the availability of high-quality 
ancient genomes of old ages (here Ust’-Ishim23), but there is little doubt that the 
advent of larger numbers of ancient genomes will significantly improve our 
knowledge not only of demographic history, but also of the genetic adaptation of 
human (and non-human) populations to their local environments. In fact, studies 
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based on pre-selected interesting SNPs in ancient European populations15-19 are 
already contributing to the identification of selective sweeps. 
 
In this case, high-quality ancient genomes allow us to globally isolate the effect of 
the out-of-Africa bottleneck, providing valuable information about the genetic 
differentiation that accompanied the colonization of Eurasia. This shows that only 
30% of the most strongly differentiated alleles between Africans and Eurasians rose 
in frequency after the out-of-Africa bottleneck, during the colonization of Eurasia. 
Nevertheless, our results provide clear evidence that local adaptation contributed to 
these allele frequency changes in European populations, as strongly differentiated 
alleles in Europeans are enriched in likely functional variants: genic, previously 
constrained, and putatively regulatory. Importantly, only the use of ancient genomes 
allows us to show that the pattern cannot be explained by background selection or 
demography alone. Interestingly, European hunter-gatherers contributed 
disproportionally to these putatively selected alleles, which are enriched in genes 
associated with variation in pigmentation. This agrees well with hunter-gatherers 
having adapted to northern European environments before the arrival of southern 
farmers, and it suggests that these adaptations soon became important for the 
survival of their admixed populations too. 
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Methods 
 
Present-day modern human genomes 
We analyzed genome-wide data from the 1000 Genomes (phase I release)20. We 
considered (1) autosomal variants detected in the low-coverage sequencing to 
ensure similar data quality across the genome, and (2) African and Eurasian 
populations with information for at least 50 unrelated individuals, which was met by 
ten populations in three continents [African ancestry: YRI (Yoruba in Ibadan, 
Nigeria), LWK (Luhya in Webuye, Kenya); European ancestry: GBR (British from 
England and Scotland), CEU (Utah residents (CEPH) with Northern and Western 
European ancestry), FIN (Finnish from Finland), TSI (Toscani in Italia); East Asian 
ancestry: CHS (Han Chinese South), CHB (Han Chinese in Beijing, China), JPT 
(Japanese in Toyko, Japan)]. African-Americans (ASW (African Ancestry in 
Southwest US)) were excluded because of recent European admixture20. To define 
derived allele frequency we used the ancestral allelic state in the 1000 Genomes 
data (based on the Ensembl 59 comparative 32 species alignment54) using only 
SNPs with a high-confidence ancestral inference and excluding indels due to their 
cryptic variation patterns55. Phase III 1000 Genomes data was not used as the high-
coverage exome data and the low-coverage whole-genome data are jointly used for 
SNP calling, likely creating differences in the quality of the genotypes between genic 
and non-genic regions. To keep all analyses comparable we considered for all 
analyses only sites where there is genotype for Ust’-Ishim too (see below). 
 
In addition, we also analyzed high-coverage genomes from Meyer et al.30, which are 
comparable in quality to the ancient genomes we analyzed. From the eleven 
genomes available we analyzed individuals with the following ancestry: Dai 
(SS6004467, Asia); Han (SS6004469, Asia); Papuan (SS6004472, Oceania) and 
two Australian (SS6004477, Oceania and SS6004478, Oceania). They provided 
reasonable outgroups, and thus sensible replacements for the ancient Ust’-Ishim 
genome (A), in the DAnc analysis with Africans and Europeans as P1 and P2, thus 
we focused on these five genomes. All genomes were processed and filtered 
following Meyer et al.30 according to:	(1) mapability (35mers aligning to one single 
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location in the genome, allowing for one mismatch), (2) map quality of reads covering 
a position (MQ>=30), (3) upper and lower coverage (eliminating the 2.5% of 
positions with the highest or the lowest coverage from each sample), and (4) simple 
repeats (filtering out regions present in hg19 tandem repeat finder track at UCSC 
(http://hgdownload.soe.ucsc.edu/golden Path/hg19/database/simpleRepeat.txt.gz)). 
To ensure full reciprocal overlap of sites across individuals we excluded positions 
that did not pass all filters in all individuals considered in each particular analysis. 
 
Ancient modern human genomes 
Ancient genomic data was processed as described in the original publications of 
Ust’-Ishim23 and Loschbour and Stuttgart33. An identical set of filters was applied as 
to the modern present-day genomes above.  
 
We also explored a low coverage genomic dataset of Ust’-Ishim to assess the effects 
of coverage in the DAnc analysis. We used the library B534723, which yielded a 
genome-wide coverage of 1.6X. Since genotype calling is not possible we inferred a 
genotype (0 or 1) for each position by a randomly sampling one read. We then 
filtered this data like the high-coverage Ust’-Ishim data (see above). Considering the 
high-coverage genotypes as the gold standard we assessed sensitivity and 
specificity of the low-coverage Ust’-Ishim DAnc results in the DAnc genic European 
tail using P1: YRI and P2: GBR.  
 
Annotations 
To explore population differentiation in the light of genomic annotation the data was 
divided into genic and non-genic positions. We used the Ensembl Gene annotation 
(GRCh37.p13) start and end coordinates of all autosomal, protein-coding transcripts. 
Genic regions were defined as the transcript plus 2kb at the start and the end of 
those regions. All remaining regions were defined as non-genic. 
 
Enrichment analysis with present-day populations 
Following Coop et al.2 we compute the enrichment in genic alleles vs. all alleles 
(genic plus non-genic SNPs) across the distribution of allele frequency differences in 
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a pair of populations. Allele frequency differentiation was calculated subtracting 
population A from population B and the genome-wide distribution of allele frequency 
differences was binned in bins of size 0.2. For each bin we calculate the ratio of 
genic over genic plus non-genic alleles and normalize by the genome-wide ratio of 
genic over all alleles. This provides a measure of enrichment (or depletion) of genic 
alleles for each bin.  
 
Confidence intervals (CI) were calculated based on two different approaches:  
(1) Bootstrap (re-sampling with replacement) of all SNPs in the genome and full 
genic enrichment analysis; 10,000 iterations provide a bootstrap distribution of genic 
enrichment in each allele frequency differentiation bin. (2) Weighted block jackknife 
(e.g.56-58) following Busing et al.21 and using 200kb genomic blocks (the block size 
in2),The block jackknife approach accounts for LD among sites in each allele 
frequency differentiation bin (particularly in the tails, as LD is an outcome of recent 
selective sweeps); the weighted approach down-weights, within each bin, the blocks 
with larger numbers of SNPs as they are presumably in LD and contribute non-
independent signatures.  
 
The CIs were used to test for a significant enrichment in genic alleles (that is, 
whether the ratio of genic vs. genic plus non-genic significantly departs from 
genome-wide expectations, here 1). The overlap between the CI of both tails was 
then used to test for a bias in the genic enrichment (that is, if the enrichment is 
significantly larger in one tail compared to the other). We obtained the 95%, 99% and 
99.9% CI, which in the two tests above translated into significance levels of *, **, and 
***, respectively. 
 
 
DAnc statistic 
Each Differentiated with Ancestral (DAnc) analysis was performed following formula 
(2) in the main text. We considered only positions with genotype information in all 
three populations (P1, P2, A) and that are polymorphic between both present-day 
populations (P1, P2). Following the two-population analysis above we divide the 
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genome-wide distribution of DAnc scores in bins of size 0.2, calculate the ratio of 
genic alleles over all alleles (genic plus non-genic) in each bin, and normalize by the 
genome-wide ratio. This provides a measure of enrichment of genic alleles for each 
DAnc bin. CIs were calculated as above (bootstrap, weighted block jackknife) and 
used to test for a genic enrichment and for a biased enrichment between the two 
tails. 
 
Simulations 
For the present-day humans we performed coalescent simulations without positive 
selection to explore the effects of demography and background selection in our 
analysis. We performed 400k neutral simulations using ms59 for a 2kb locus (to avoid 
effects of recombination). Simulations are based on the population genetic model 
proposed by Gravel et al.26, with modifications following the models proposed in Fu 
et al.23 and Lazaridis et al.33 to include Ust’-Ishim and the ancient Europeans, 
respectively, in that model (details below). We consider a generation time of 25 
years and a mutation rate of 2.36 x10-8 per site per generation, as these were the 
parameters used to infer the demographic model60. Following Coop et al.2 the effect 
of background selection can be approximated as reduced local effective population 
size (which increases drift). We thus model background selection as a reduction in 
the effective population size in our simulations, by a factor that represents the so-
called B score61. We explore a range of B scores and present here results for 0.8 
and 0.9 (where Ne is multiplied by 0.8 and 0.9, respectively), which represent 
realistic values for the human genome (Supplementary Fig. 26)61 and resemble best 
our observations (B scores < 0.8 resulted in extremely high levels of genic 
enrichment in both tails and did not affect the bias between the two tails). 
Simulations under a B score of 1, (i.e. no background selection) are used as our 
proxy for non-genic in real data, and lower B scores are used as proxy for genic in 
real data. Our enrichment statistic is thus the ratio between sites from simulations 
with B=1 and simulations with a lower B score (0.8 or 0.9). Binning and genic 
enrichment were performed as in real data. 
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For Ust’-Ishim, we included in our demographic model the 45,000 years old ancient 
Ust’-Ishim individual as proposed in Fu et al.23 (SOM pg. 111). We visualized the 
demographic model in detail in Supplementary Figure 7. Here, the Ust’-Ishim 
population branches off 2,000 generations ago from the population that experienced 
the out-of-Africa event, and it keeps a constant effective population size (Ne) of 
1,860 until it is sampled 1,800 generations before present (~45.000 years ago) (Fig. 
1G-H). As in Fu et al.,23 we simulate branch shortening by splitting at the time of 
sampling the Ust’-Ishim population into two populations with very small Ne, and 
removing all mutational differences between them (which removes all mutations 
since the time of sampling). In addition, we explored the putative effects of variation 
in the Ne of the Ust’-Ishim population (Ne = 186 or Ne = 18600) (Supplementary Fig. 
12), although changes in Ust’-Ishim Ne are not expected to affect our results. 
 
For the ancient Europeans, we incorporated the ancient European samples into our 
model using the three-population mixture demographic model presented in Lazaridis 
et al.33 with a focus on the branches directly affecting Loschbour and Stuttgart 
samples (Fig. 2B). We visualized the demographic model in detail in Supplementary 
Figure 7. Here, this model involves the following modifications (forward in time): 
• Basal Eurasians branch off the out-of-Africa population 2,300 generations ago 
with an Ne = 1,860 (same as the out-of-Africa population Ne). The Basal 
Eurasian population is a hypothetical ancient Eastern non-African population 
that is believed to have contributed to the Stuttgart farmer but not to the 
Loschbour hunter-gatherer33.  
• Immediately after the Eurasian split (2,000 generations ago) the European 
branch splits into two populations representing farmers and hunter-gatherers.  
• To account for possible differences in drift between the ancient European 
populations we allowed for independent population-specific changes in the Ne 
of both the hunter-gatherer and the farmer populations for 100 generations 
(~1,900-2,000 generations ago; details below). 
• Both the hunter-gatherer and the farmer populations experience growth 
(~1,900 - presence) following the European growth in Gravel et al.26 
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• The Basal Eurasian population merges with the farmer population (~1,900 
generations ago) at a ratio of 56:4433 
• Loschbour is sampled from the hunter-gatherer population 320 generations 
ago (~8,000 years ago) 
• Stuttgart is sampled from the farming population 280 generations ago (~7,000 
years ago) 
• The Farmer and the hunter-gatherer populations merge in equal proportions 
280 generations ago 
 
Variation in drift between Loschbour and Stuttgart might affect the contribution of 
highly differentiated genic alleles by one of the two ancient Europeans. The 
demographic history of these populations is not known, so we account for putative 
changes in Ne by including an independent Ne change for 100 generations in the 
history of each population. We infer these Ne based on the observed heterozygosity 
in the two ancient European samples. We first fitted the heterozygosity measured in 
Loschbour (mlrho) in Lazaridis et al.33 to neutral simulations using our demographic 
model. For each Ne, ranging from 50 to 5,000 in steps of 50, we ran 100,000 
simulations and calculated the expected heterozygosity (Supplementary Fig. 20). For 
Loschbour the measured heterozygosity is 4.75, which is best fit by a simulated Ne 
of 400 (Supplementary Fig. 20). The heterozygosity of Stuttgart exceeds the 
observed heterozygosity of other non-African populations, an unexpected pattern 
likely driven by an excess of transitions due to residual ancient DNA deamination33. 
Transversions (Trv) are less affected by DNA damage and thus more reliable in 
Stuttgart, so we inferred Stuttgart’s Ne based on transversions only. Specifically, and 
given that the ratio of transversions between two samples reflects the ratio of their 
heterozygosities (H), we calculate Stuttgart’s population Ne based on the inferred 
Loschbour’s population Ne: 
 ! (!"#""$%&")! (!"#$!!"#$)  ~  # !"# (!"#""$%&")# !"# (!"#$!!"#$) = !"#,!"#!"#,!"# =  1.19   
 
This inference leads to an Ne estimate of 483 for Stuttgart (Supplementary Fig. 21). 
There is one additional population, the Basal Eurasians that is inferred to have 
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contributed genetically to Stuttgart and for which we have no genetic information33. 
We thus vary the Ne of the Basal Eurasians by an order of magnitude (Ne=186 or 
Ne=18,600), although this has a weak effect on the proportion of DAnc European tail 
alleles present in Stuttgart when compared to Loschbour (Supplementary Fig. 21). 
While it is clear that these Ne estimates may not be realistic, this exercise shows that 
reasonable variations in the Ne parameters do not affect, qualitatively, our results. To 
further explore the effect of more extreme differences in drift we ran our model with 
different combinations of Ne in Loschbour and Stuttgart (500, 1,032, 10,320) and in 
the Basal Eurasian population (Ne of 500 in addition to 1,860) (Supplementary Fig. 
23). We obtained the 95% CI for each simulations by resampling 1,000 times the 
number of alleles observed in the European (N=625) or African (N=1,357) DAnc tail 
from the complete, respective simulation distribution. 
 
Inference of Neanderthal introgression 
We explored if Neanderthal introgression into Eurasian populations57 contributes to 
the genic European DAnc tail, although regions of Neanderthal ancestry rarely reach 
allele frequency of 0.8 or higher in present-day Europeans29. We used the map of 
introgressed haplotypes in Eurasian individuals from Vernot et al.29. The other 
available introgression map62 was not used because its posterior introgression 
probabilities increase with the frequency of the derived alleles. We considered an 
allele as putatively introgressed if it falls in a region identified as being of 
Neanderthal ancestry29 and the derived allele has a frequency lower than 5% in YRI 
(Africa).  
 
 
Analysis of conservation and predicted regulatory effects 
In order to assess conservation in the tails of the DAnc distribution, we used the 
phastCons program to estimate genome-wide conservation scores31. The 
conservation score for each site is based on a multiple, whole-genome alignment of 
33 placental mammals (excluding humans) downloaded from UCSC, which is used 
to predict conserved elements. PhastCon scores range from 0 to 1 and we 
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considered sites with conservation scores higher than 0.9 as strongly conserved and 
sites with conservation scores lower than 0.1 as not conserved.  
 
Predicted regulatory effects of sites were obtained from regulomeDB32 and 
downloaded from http://www.regulomedb.org/downloads. RegulomeDB is a public 
database that contains annotation of human genetic variants with known and 
predicted regulatory elements, (e.g. regions of DNAase hypersensitivity, binding 
sites of transcription factors, or promoter regions), according to public datasets from 
GEO63, the ENCODE project64, and published literature. RegulomeDB scores range 
from 1 to 7. Category 1 contains sites with evidence at least for an eQTL and 
transcription factor binding or DNase peak, and are thus interpreted as regulatory 
important. Sites in category 7 do not show any evidence of regulatory effects. 
 
We then explored if any European, East Asian, or African tail show excess or 
depletion of phylogenetically conserved or putatively regulatory sites. We 
investigated the genic and non-genic DAnc tails using YRI as P1 and as P2 either 
Europeans (GBR, FIN, TSI, or CEU) or East Asians (CHB, CHS, or JPT). For each 
tail we compared the proportion of strongly conserved/not conserved and 
regulatory/not regulatory alleles in real data with its random expectations, which we 
obtained by resampling 5,000 times random alleles from the corresponding DAnc 
distribution to fit the number of alleles in the tail.  
 
Gene Ontology analysis 
Gene Ontology analysis was performed using the software package FUNC65. We 
analyzed the union of all alleles in the four European DAnc tails (with P1 = YRI and 
P2 = GBR, FIN, CEU, or TSI), for SNPs that fall into protein-coding genes (Ensembl 
Gene annotation (GRCh37.p13)). We created two additional subsets of SNPs, 
according to whether the derived allele of the SNP in the DAnc European tail was 
exclusively present in Loschbour or exclusively present in Stuttgart. As a background 
we used a random sample of 100,000 SNPs from all remaining genic SNPs. This 
approach corrects for spurious results due to long genes and/ or variation in mutation 
rates. The categories reported in the main text were also observed when all SNPs 
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absent in the DAnc tails were used as background; in these analyses a few 
additional categories appeared significantly enriched (Supplementary Table 2) but 
we do not discuss them since they were not observed in the smaller (more stringent) 
background. SNPs were assigned to genes if falling between the start and end 
location of the respective gene and each gene was considered only once for analysis 
(regardless of the number of SNPs in a certain set assigned to it). 
 
Haplotype analysis 
Haplotypes were plotted to visualize specific target regions across samples. Variants 
were chosen from a 10Mb region surrounding the focal SNP of each candidate gene 
(HERC2/OCA2: rs12913832; SLC2A45:	rs16891982; MCM6/LCT: rs4988235). We 
consider only variants polymorphic in YRI or any European sample and that had data 
in all three ancient genomes. To simplify the plot we used only variants in high to 
moderate LD with the focal SNP (OCA2: r2 > 0.13; SLC45A2:	r2 > 0.48; LCT: r2 > 0.6) 
in GBR for OCA2 and LCT, and in FIN for SLC45A2 (because the focal SNP in 
SLC45A2 is fixed in GBR) calculated with vcftools66. Genotypes were plotted for the 
ancient individuals and ten phased haplotypes for random YRI and European 
samples using the R package adegenet v.1.4-267. 
 
Available computer code 
A tarball file containing the shell and R code used for all major analyses is available 
on our website (https://bioinf.eva.mpg.de/download/PopDiff_aDNA_study/) and as as 
zip archive in Supplementary Data 3. The archive files also contain a readme file 
documenting the application of the code. 
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! Figures Main
Figure 1. Analyses of population differentiation. (A, B) Genic enrichment among 
alleles in different bins of population differentiation between (A) CHB or (B) GBR and YRI. 
The bootstrap 95% confidence interval is shown in yellow, and the level of significance of 
the bias in genic enrichment when comparing the two tails is shown on top (* < 0.05, ** < 
0.01, and *** < 0.001, and NS for non-significant). The number of genic sites in each tail is 
on top of the tails. (C, D) Genic enrichment in alleles in different bins of the DAnc statistic 
(YRI, P2, Ust’-Ishim (UI)) using (C) CHB or (D) GBR as P2. The 95% confidence interval, 
the significance of the bias, and the number of genic alleles are shown as above. (E, F) 
Genic enrichment in alleles in different bins of the DAnc statistic when considering each 
East Asian (E) or European (F) population as P2, with significance of the bias between the 
tails indicated by asterisks (* < 0.05, ** < 0.01, *** < 0.001). (G, H) Expectation of the genic 
enrichment across the DAnc distribution under non-adaptive forces, based on neutral 
simulations with different strengths of background selection (measured by B scores) and 
with no background selection (B=1).
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Figure 2. Tree of inferred relationships of present-day and ancient humans 
considered, including (A) the ancient Ust’-Ishim sample, and (B) the ancient Europeans 
samples. Colors indicate the branches where alleles in the European (blue) and African 
(orange) tails of the DAnc distribution most likely changed in allele frequency. For 
demographic parameters used see Methods and Supplementary Figure 7.
 A  B
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Figure 3. Conservation and putatively regulatory role of genic alleles in DAnc tails. 
Conservation was measured with phastCons31, with (A) phastCons > 0.9 representing 
strongly conserved sites and (B) phastCons < 0.1 non-conserved sites. Observed 
frequencies of genic alleles with different levels of phylogenetic conservation are shown for 
the DAnc(YRI,Europe ,UI) tails and the DAnc(YRI,East Asia,UI) tails using a colored dot 
(blue for European, green for East Asian, orange for African). Based on resampling from 
the entire distribution the mean expectation is shown as a black dot and the 95% 
confidence interval as black lines. Asterisks indicate significant differences between 
observations and expectation (* < 0.05, ** < 0.01, and *** < 0.001). (C) and (D) show the 
same analysis for putative regulatory function according to regulomeDB32, with (C) 
regulomeDB category 1 representing likely regulatory sites and (D) category 7 
representing sites with no evidence of a regulatory role. EUR for Europe, EA for East Asia, 
AFR for African (YRI), UI for Ust’-Ishim.
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Figure 4. Analysis of the presence of European DAnc tail alleles in ancient European 
genomes. (A) Proportion of European alleles present in Loschbour (LB) or Stuttgart (STG) 
among those in the tails of the DAnc (YRI, GBR, Ust’-Ishim) distribution. Bootstrapping 
provided confidence intervals (95% confidence interval shown) and asterisks indicate 
significant differences between LB and STG (* < 0.05, ** < 0.01, and *** < 0.001). (B, C) 
Expectation of these proportions in the (B) European or (C) African tails, in the absence of 
adaptive evolution and with various intensities of background selection (measured by B 
scores). Genic alleles are simulated with B < 1, and non-genic alleles with B = 1. The 95% 
confidence interval shown is obtained via bootstrapping.
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Figure 5. Genic alleles in the 
DAnc(YRI, Europe, UI) tail and 
overlapping genes. Close-by alleles 
are combined in a region if they are 
less than 100kb apart. The left side of 
the figure shows the chromosomal 
position (chr:start) and the length in bp 
of each region. The right side shows 
the genes that overlap with each 
region. The number of alleles in each 
genic DAnc tail (P2: GBR, FIN, TSI, 
CEU) is shown with the heatmap. 
Columns are ordered by number of 
alleles starting left. Superscripts note 
regions with too many genes to fit the 
figure: 
A: ANKRD13D, SSH3, CLCF1, 
PPP1CA, TBC1D10C, CARNS1, 
KDM2A; 
B: CCDC142, PCGF1, DQX1, AUP1, 
DCTN1, C2orf81, RTKN, LBX2, TLX2, 
HTRA2, LOXL3, DOK1, SEMA4F, 
TTC31, M1AP, RP11-287D1.3, 
SLC4A5; 
C: ACAP3, PUSL1, GLTPD1, DVL1, 
MXRA8, CCNL2, AURKAIP1.
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Figure 6. Haplotypes in 
ancient and present-day 
modern humans for (A) OCA2/
HERC2, (B) SLC45A2, and (C) 
LCT/MCM6. SNPs were 
included if they show moderate 
to strong LD with the 
phenotypically relevant SNP 
(OCA2/HERC2: rs12913832, 
SLC45A2: rs16891982, LCT/
MCM6: rs4988235), which is 
marked with an orange arrow. 
Black arrows indicate alleles that 
are present in at least one 
European DAnc tail (P2: GBR, 
FIN, TSI or CEU). The heatmap 
shows the phased haplotype for 
the 1000 Genomes dataset (red 
derived allele and blue ancestral 
allele) and the genotype for the 
ancient genomes (red 
homozygous derived, purple 
heterozygous, and blue 
homozygous ancestral).
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Supplementary Figure 1. Analyses of present-day population 
differentiation. (A, B) Enrichment of strongly differentiated genic alleles for 
all present-day population comparisons using all European and East Asian 
populations versus (A) YRI or (B) LWK. The bootstrap 95% confidence 
interval is shown in yellow, and the level of significance of the bias in genic 
enrichment when comparing the two tails is shown on top (* < 0.05, ** < 0.01, 
and *** < 0.001, and NS for non-significant). The number of genic SNPs in 
each tail is also shown. 
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Supplementary Figure 2. Analyses of present-day population 
differentiation using FST. FST1, a measure of population differentiation, was 
calculated for all SNPs variable in the comparison between (A) CHB and YRI 
or (B) GBR and YRI. The genic enrichment was calculated as in Figure 1. The 
number of sites in the far tail of the FST distribution (>0.8) is shown on top, and 
the bootstrap 95% confidence interval is shown in yellow. 
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Supplementary Figure 3. Analyses of present-day population 
differentiation using weighted block jackknife. (A, B) Enrichment of 
strongly differentiated genic alleles for all present-day population comparisons 
using all European and East Asian populations versus (A) YRI or (B) LWK. 
The 95% confidence interval is shown in yellow based on a weighted block 
jackknife with 200kb genomic blocks. The level of significance of the bias in 
genic enrichment when comparing the two tails is shown on top (* < 0.05, ** < 
0.01, and *** < 0.001, and NS for non-significant). The number of genic SNPs 
in each tail is also shown. 
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Supplementary Figure 4. Expectations under background selection 
alone. Expectation of genic enrichment in the absence of adaptive forces but 
with growing strengths of background selection (measured by lower B 
scores), based on coalescent simulations in the absence of positive selection 
for (A) East Asian and (B) European demography. See Methods about the 
use of 0.8 and 0.9 as B scores. 
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Supplementary Figure 5. Genic enrichment in other East Asian 
populations. Results of the enrichment analysis for the DAnc (YRI, P2, Ust’-
Ishim) analysis with (A) JPT or (B) CHS as P2. The bootstrap 95% confidence 
interval is shown in yellow, and the level of significance of the bias in genic 
enrichment when comparing the two tails is shown on top (* < 0.05, ** < 0.01, 
and *** < 0.001, and NS for non-significant). The number of genic alleles in 
the tails is also shown. 
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Supplementary Figure 6. Genic enrichment in East Asian populations 
using weighted block jackknife. Results of the enrichment analysis for the 
DAnc (YRI, P2, Ust’-Ishim) analysis with CHB, CHS or JPT as P2. The 95% 
confidence interval is shown in yellow based on a weighted block jackknife 
with 200kb genomic blocks. The level of significance of the bias in genic 
enrichment when comparing the two tails is shown on top (* < 0.05, ** < 0.01, 
and *** < 0.001, and NS for non-significant). The number of genic alleles in 
the tails is also shown. 
 
Chapter 2 – Supplementary Material
104
  
 
Supplementary Figure 7. Demographic parameters used for the 
simulations. The demographic parameters used for the simulations of 
present-day human populations are based on Gravel et al.2; parameters that 
we varied in different sets of simulations are marked in red (see Methods). (A) 
The demographic model used for simulations that includes the Ust’-Ishim 
population and sampling of the Ust’-Ishim genome. The Ust’-Ishim population 
is introduced in the Gravel2 model following the model proposed by Fu et al.3. 
(B) The demographic model used for simulations that include the Ust’-Ishim 
and ancient European populations, and the sampling of Ust’-Ishim, a farmer 
(Stuttgart) and a hunter-gatherer (Loschbour). The ancient European 
populations were introduced in the Gravel4 model following the model 
proposed by Lazaridis et al.5. Farmer and Basal Eurasian populations merge 
with proportions 56% / 44% 5. Farmer and Hunter-Gatherer populations merge 
with proportion 50% / 50%. These proportions likely vary across European 
populations, but the DAnc European pattern observed is consistent across 
European populations (GBR, FIN, TSI, CEU). g stands for generations 
(25yrs).  
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Supplementary Figure 8. Genic enrichment in other European 
populations. Results of the enrichment analysis for the DAnc (YRI, P2, Ust’-
Ishim) analysis with (A) FIN, (B) TSI, or (C) CEU as P2. The bootstrap 95% 
confidence interval is shown in yellow, and the level of significance of the bias 
in genic enrichment when comparing the two tails is shown on top (* < 0.05, ** 
< 0.01, and *** < 0.001, and NS for non-significant). The number of genic 
alleles in the tails is also shown. 
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Supplementary Figure 9. Genic enrichment in European populations 
using weighted block jackknife. Results of the enrichment analysis for the 
DAnc (YRI, P2, Ust’-Ishim) analysis with GBR, FIN, CEU or TSI as P2. The 
95% confidence interval is shown in yellow based on a weighted block 
jackknife with 200kb genomic blocks. The level of significance of the bias in 
genic enrichment when comparing the two tails is shown on top (* < 0.05, ** < 
0.01, and *** < 0.001, and NS for non-significant). The number of genic alleles 
in the tails is also shown. The enrichment in genic alleles in significantly 
stronger in the European tail for all populations except TSI, which has been 
inferred to have low levels of hunter-gatherer ancestry6,7. Our results show 
that this ancestral component is relevant to this analysis (discussed in detail in 
the Highly differentiated alleles in ancient Europeans section of the main text). 
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Supplementary Figure 10. Genic enrichment in European populations 
versus YRI or LWK using only sites with higher derived allele frequency 
in the European population. Results of the enrichment analysis for DAnc 
(P1, P2, Ust’-Ishim) analysis with (A-D) YRI and (E-H) LWK as P1, and (A,E) 
GBR, (B,F), FIN, (C,G) TSI, or (D,H) CEU as P2. The bootstrap 95% 
confidence interval is shown in yellow, and the level of significance of the bias 
in genic enrichment when comparing the two tails is shown on top (* < 0.05, ** 
< 0.01, and *** < 0.001, and NS for non-significant). The number of genic 
alleles in the tails is also shown.
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Supplementary Figure 11. Genic enrichment in European populations 
versus LWK (Luhya, East Africa). Results of the enrichment analysis for 
DAnc (LWK, P2, Ust’-Ishim) analysis with (A, E) GBR, (B, F), FIN, (C, G) TSI, 
or (D, H) CEU as P2. In yellow (A-D) shows the bootstrap 95% confidence 
interval and (E-H) the 95% confidence interval based on a weighted block 
jackknife with 200kb genomic blocks. The level of significance of the bias in 
genic enrichment when comparing the two tails is shown on top (* < 0.05, ** < 
0.01, and *** < 0.001, and NS for non-significant). The number of genic alleles 
in the tails is also shown.
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Supplementary Figure 12. Effects of variation in Ust’-Ishim Ne for non-
adaptive simulations. Enrichment analyses with background selection 
(measured by B scores) and without background selection (B = 1) under our 
(A, C) East Asian or (B, D) European demographic model with (A, C) Ust’-
Ishim Ne=186, or (B, D) Ust’-Ishim Ne=18600.  
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Supplementary Figure 13. Expectations under background selection 
alone for more complex European demography. Expectation of genic 
enrichment using DAnc in the absence of adaptive forces but with growing 
strengths of background selection (measured by lower B scores), based on 
coalescent simulations without positive selection for European demography 
(including basal Eurasian, hunter-gatherer and farmer populations, see Figure 
2B, Supplementary Fig. 7 and Methods). See Methods about the use of 0.8 
and 0.9 as B scores. 
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Supplementary Figure 14. DAnc analysis using low coverage Ust’-Ishim (1.6X). Genic enrichment in alleles in different bins of 
the DAnc statistic (P1, P2, Ust’-Ishim). (A) P1 is YRI and P2 all European populations, (B) P1 is YRI and P2 all East Asian 
populations, (C) P1 is LWK and P2 all European populations, and (D) P1 is LWK  and P2 all East Asian populations. The bootstrap 
95% confidence interval is shown in yellow, and the level of significance of the bias in genic enrichment when comparing the two 
tails is shown on top (* < 0.05, ** < 0.01, and *** < 0.001, and NS for non-significant). The number of genic sites in each tail is on 
top of the tails. See methods for details on the low-coverage Ust’-Ishim genotypes. 
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Supplementary Figure 15. Presence in ancient European genomes of 
the high-frequency European allele in alleles in the DAnc European and 
African tail. Proportion of European alleles present in Loschbour (LB) or 
Stuttgart (STG) among those in the tails of the DAnc (YRI, P2, Ust’-Ishim) 
distribution using (A) FIN, (B) TSI, and (C) CEU as P2. The bootstrap 95% 
confidence interval is shown and asterisks indicate significant differences 
between LB and STG (* < 0.05, ** < 0.01, and *** < 0.001). GBR is presented 
in Figure 4A. 
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Supplementary Figure 16. Presence in ancient European genomes of 
the high-frequency European allele in alleles in the DAnc European and 
African tail (using only sites where the derived allele reached high 
frequency in Europe). Proportion of European alleles present in Loschbour 
(LB) or Stuttgart (STG) among those in the tails of the DAnc (YRI, P2, Ust’-
Ishim) distribution using (A) GBR, (B) FIN, (C) TSI, and (D) CEU as P2. The 
bootstrap 95% confidence interval is shown and asterisks indicate significant 
differences between LB and STG (* < 0.05, ** < 0.01, and *** < 0.001). 
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Supplementary Figure 17. Presence in ancient European genomes of 
the high-frequency European allele in alleles in the DAnc European and 
African tail (using only transversions). Proportion of European alleles 
present in Loschbour (LB) or Stuttgart (STG) among those in the tails of the 
DAnc (YRI, P2, Ust’-Ishim) distribution using (A) GBR, (B) FIN, (C) TSI, and 
(D) CEU as P2. The bootstrap 95% confidence interval is shown and asterisks 
indicate significant differences between LB and STG (* < 0.05, ** < 0.01, and 
*** < 0.001). 
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Supplementary Figure 18. Presence in ancient European genomes of 
the high-frequency European allele in alleles in the DAnc European and 
African tail (using only sites that are homozygous in the ancient 
European genomes). Proportion of European alleles present in Loschbour 
(LB) or Stuttgart (STG) among those in the tails of the DAnc (YRI, P2, Ust’-
Ishim) distribution using (A) GBR, (B) FIN, (C) TSI, and (D) CEU as P2. The 
bootstrap 95% confidence interval is shown and asterisks indicate significant 
differences between LB and STG (* < 0.05, ** < 0.01, and *** < 0.001). 
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Supplementary Figure 19. Principal component analysis of present-day human populations and ancient genomes (Ust’-
Ishim, Loschbour, Stuttgart). PCA of all alleles in the African and European tail of the DAnc (YRI, P2, Ust’-Ishim) distribution for 
(A) GBR, (B) FIN, (C) TSI, and (D) CEU as P2. The present-day populations are color-coded and the ancient Ust’-Ishim, Loschbour, 
and Stuttgart samples are projected into the present-day human dataset. The PCA is based on the pairwise allele sharing 
distances8 among the present-day humans and a principal components analysis (PCA) on the resulting pairwise distance matrix, 
with projected genotyping calls from the ancient samples onto the PCA using SMARTPCA9. 
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Supplementary Figure 20. Inference of Ne in Loschbour. For each 
putative Ne of Loschbour (steps of 50) we ran 100,000 simulations under our 
(otherwise) demographic model. The red curve shows the mean 
heterozygosity (H), the yellow area the 95% confidence interval of H, and the 
dashed lines the minimum and maximum H values from these simulations for 
Loschbour. The dotted horizontal line indicates the observed H (mlrho) in the 
real data5 and the vertical line the intercept with the simulated H. 
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Supplementary Figure 21. Inference of Ne in Stuttgart using different Ne 
in the basal Eurasian population (Ne equals 186, 1860, or 18600). 
For each putative Ne of Stuttgart (steps of 50) we ran 100,000 simulations 
under our (otherwise) demographic model. The blue curve shows the mean 
heterozygosity (H), the light blue area the 95% confidence interval of H, and 
the dashed lines the minimum and maximum H values from these simulations 
for Stuttgart. The dotted horizontal line indicates the observed ratio of 
transversions (HSTG / HLB = 1.19) in the real data and the vertical line its 
intercept with the simulated HSTG / HLB ratio. 
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Supplementary Figure 22. Expectation of the proportion of the high-
frequency European alleles in Loschbour (LB) and Stuttgart (STG) for 
alleles in the (A, C) European and the (B, D) African tail of the DAnc analysis, 
when the Ne of the basal Eurasian population is (A, B) 186 or (C, D) 18,600. 
The bootstrap 95% confidence interval shown is obtained.
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Supplementary Figure 23. Expectation of the proportion of the high-frequency European alleles under more extreme Ne 
values in ancient European populations. The Ne of the Basal Eurasians is set to (A) 500 and (B) 1860. For each, we ran 
simulations with a range of Ne for Loschbour and Stuttgart (500, 1032, 10320 respectively). The bootstrap 95% confidence interval 
is shown. One single simulation set is significant, but an enrichment of only 5.4% (much lower than the average 9.7% in real data).
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Supplementary Figure 24. Principal component analysis of present-day 
human populations and ancient genomes (Ust’-Ishim, Loschbour, 
Stuttgart, NE1). The present-day populations are color-coded and the ancient 
Ust’-Ishim, Loschbour, Stuttgart, and NE1 genomes are projected into the 
present-day human dataset. PCA’s are shown for all genic and non-genic 
SNPs as well as the genic and non-genic DAnc European tails. The variance 
explained by PC1 and PC2 is indicated in the axis labels. The PCA is based 
on the pairwise allele sharing distances8 among the present-day humans and 
a principal components analysis (PCA) on the resulting pairwise distance 
matrix, with projected genotyping calls from the ancient samples onto the PCA 
using SMARTPCA9. 
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Supplementary Figure 25. Presence in ancient European genomes of 
the high-frequency European allele in alleles in the DAnc European and 
African tail. Proportion of European alleles present in Loschbour (LB) or NE1 
among those in the tails of the DAnc (YRI, P2, Ust’-Ishim) distribution using 
(A) GBR, (B) FIN, (C) TSI, and (D) CEU as P2. The bootstrap 95% confidence 
interval is shown and asterisks indicate significant differences between LB 
and NE1 (* < 0.05, ** < 0.01, and *** < 0.001). 
Chapter 2 – Supplementary Material
126
  
 
Supplementary Figure 26. Genome-wide distribution of B scores based 
on McVicker et al. 
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Figure 27. Results of the enrichment analysis for DAnc(YRI, CHB, UI) and 
DAnc(YRI, GBR, UI) using the original genic and non-genic annotation. The 
non-genic category was downsampled to match the number of variants in the 
genic category (8,169,486 variants). The bootstrapped 95% confidence 
interval is shown in yellow, and the level of significance of the bias in genic 
enrichment when comparing the two tails is shown on top (* < 0.05, ** < 0.01, 
and *** < 0.001, and NS for non-significant). The number of genic sites in 
each tail is on top of the tails. 
Chapter 2 – Supplementary Material
128
  
 
 
 
Figure 28. Results of the enrichment analysis for DAnc(YRI, CHB, UI) and 
DAnc(YRI, GBR, UI) using as annotation synonymous and non-synonymous 
variants. The bootstrapped 95% confidence interval is shown in yellow, and 
the level of significance of the bias in genic enrichment when comparing the 
two tails is shown on top (* < 0.05, ** < 0.01, and *** < 0.001, and NS for non-
significant). The number of genic sites in each tail is on top of the tails. 
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Figure 29. Results of the enrichment analysis for DAnc(YRI, CHB, UI) and 
DAnc(YRI, GBR, UI) using as annotation conserved (phastCons > 0.9) and 
non-conserved (phastCons < 0.1) variants. The non-conserved category was 
downsampled to match the number of variants in the conserved category 
(516,448 variants).	The bootstrapped 95% confidence interval is shown in 
yellow, and the level of significance of the bias in conserved enrichment when 
comparing the two tails is shown on top (* < 0.05, ** < 0.01, and *** < 0.001, 
and NS for non-significant). The number of conserved sites in each tail is on 
top of the tails. 
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Figure 30. Results of the enrichment analysis for DAnc(YRI, CHB, UI) and 
DAnc(YRI, GBR, UI) using as annotation putatively regulatory sites 
(regulomeDB category 1) and putatively non-regulatory sites (regulomeDB 
category 7). The non-regulatory category was downsampled to match the 
number of variants in the regulatory category (28,452). The bootstrapped 95% 
confidence interval is shown in yellow, and the level of significance of the bias 
in regulatory enrichment when comparing the two tails is shown on top (* < 
0.05, ** < 0.01, and *** < 0.001, and NS for non-significant). The number of 
regulatory sites in each tail is on top of the tails. Enrichment is shown per bin 
only when at least four variants are present in both annotations, CI is 
calculated regardless. 
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Figure 31. Results of the enrichment analysis for (A & C) DAnc(YRI, CHB, UI) 
and (B & D) DAnc(YRI, GBR, UI) using as annotation putatively regulatory 
sites (regulomeDB category 1) and putatively non-regulatory sites 
(regulomeDB category 7). The analysis was run separately for variants that 
are also in the (A & B) genic category and (C & D) in the non-genic category 
of the genic/non-genic annotation. All analyses were downsampled to match 
the number of variants in the regulatory-genic category (21,957 variants). The 
bootstrapped 95% confidence interval is shown in yellow, and the level of 
significance of the bias in regulatory-genic enrichment when comparing the 
two tails is shown on top (* < 0.05, ** < 0.01, and *** < 0.001, and NS for non-
significant). The number of regulatory-genic sites in each tail is on top of the 
tails. Enrichment is shown per bin only when at least four variants are present 
in both annotations, CI is calculated regardless. 
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Supplementary Tables 
 
 
 
P1P1  P1 P2 P3 P4 D value Z score  BABA1 ABBA2 # SNPs3 
NE1 Stuttgart Loschbour YRI 0.000101 1.932 25692 25106 5764789 
NE1 Stuttgart CEU YRI 0.000012 0.574 25694 25623 5764789 
NE1 Stuttgart FIN YRI 0.000017 0.79 25515 25416 5764789 
NE1 Stuttgart GBR YRI 0.00001 0.486 25686 25630 5764789 
NE1 Stuttgart TSI YRI -0.000015 -0.785 25722 25811 5764789 
 
Supplementary Table 1. D statistics for ancient European genomes and 
present-day European populations. Linked sites were removed using plink 
(--indep-pairwise 200 25 0.4). A Z score >1.96 or <1.96 indicates significance 
of the D value on the 95% level.  
1 Describes allele sharing of P1 with P3. 
2 Describes allele sharing of P2 with P3. 
3 Total number of SNPs used. 
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Set # SNPs reduced background complete background 
European tail 497 - - 
Stuttgart specific 37 - helicase_activity (0.046) 
      pyrophosphatase_activity (0.048) 
      hydrolase_activity,_acting_on_acid_anhydrides,_in_phosphorus-containing_anhydrides (0.048) 
Loschbour 
specific 55 
melanosome_membrane 
(0.003) melanosome_membrane (0.004) 	
Supplementary Table 2. Enrichment of gene ontology categories. Genes intersecting with alleles in the European DAnc (YRI, 
P2, Ust’-Ishim) tails (P2: GBR, FIN, TSI, or CEU) and that are found exclusively in one of the two ancient Europeans (exclusively in 
Stuttgart or in Loschbour). Results are shown for the reduced background (random 100,000 alleles) and the complete background 
(all alleles), with P-values in parenthesis. 
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Supplementary Notes 
 
Supplementary Note 1. DAnc analysis using annotation based on 
protein-changing, putative regulatory role, or conservation. 
 
Different annotations of the genome-wide data were used in the DAnc 
analysis. To capture potential different aspects of phenotypic relevant 
variation we used the following annotations: 
- Nonsynonymous / Synonymous  
- conserved / non-conserved (phastCons > 0.9 / phastCons < 0.1) 
- regulatory / non-regulatory (ENCODE: regulomeDB category 1 / 
regulomeDB category 7); RegulomeDB12 incorporates ENCODE and 
other sources of regulatory information on variants. It classifies variants 
into seven categories based on the amount of evidence for a regulatory 
role. Variants in category 1 show multiple evidences for regulatory 
effects, while variants in category 7 show none. 
 
We performed the DAnc analysis for each annotation using YRI as P1 and 
GBR (European) or CHB (East Asian) as P2, although we note that the low 
number of variants makes many of these analyses quite noisy. The 
regulomeDB and phastCons analyses have very different number of variants 
in their two categories (conserved 516,448 vs. non-conserved 15,422,612; 
regulatory 28,452 vs. non-regulatory 3,925,604). To avoid an effecting of 
these differences the DAnc analysis we downsampled, in each annotation, the 
category with the larger number of variants to match the category with the 
lowest number of variants (516,448 for the conservation annotation and 
28,452 variants for the regulatory annotation). The downsampling has no 
impact on our original DAnc analysis (Supplementary Fig. 27). 
 
There is no enrichment in the DAnc tails for the protein-changing annotation 
(Supplementary Fig. 28, likely due to low number of variants) or for the 
conservation annotation (Supplementary Fig. 29). Only the regulomeDB DAnc 
analysis (Supplementary Fig. 30) shows significant enrichment of putatively 
functional alleles (regulatory variants) over putatively non-functional ones 
(non-regulatory variants) in the DAnc tails. The enrichment is significant in all 
tails, even though it lacks sufficient non-functional alleles in both tails of the 
DAnc(YRI, GBR, UI) analysis. Nevertheless, when we combine both 
annotations (genic/non-genic with regulomeDB category 1/7) it becomes clear 
that the enrichment in alleles in the regulatory category is largely due to 
alleles in the genic annotation (Supplementary Fig. 31), suggesting a 
regulatory role for the strongly differentiated alleles in the DAnc tails. 
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Supplementary Note 2. Analyzing a second European Farmer – NE1. 
 
Gamba et al.13 recently presented the high-coverage genome (22X) of a 
~7,000 years old Hungarian Farmer (NE1). This sample was treated 
differently than Ust’-Ishim, Loschbour and Stuttgart (e.g. it was not UDG 
treated and it likely contains more ancient DNA damage) and no estimate of 
autosomal contamination is available. Direct comparisons with the other 
genomes must thus be cautious, but NE1 allows us to explore again the 
signatures observed in the Stuttgart farmer.  
 
Dr. Gamba kindly shared the filtered BAM file of NE1, which we used to call 
genotypes following the methods section in13. In genome-wide PCA analysis 
the Stuttgart and NE1 farmers fall together (Supplementary Fig. 24). Also, D 
statistics show that the two farmers are equally close to present-day 
European populations (Supplementary Table 3), indicating a similar 
contribution from their populations to modern Europeans. Nevertheless when 
the three ancient samples are considered Loschbour is closer to NE1 than to 
Stuttgart (Supplementary Table 3), although the 1.93 Z-score is not significant 
under a significance threshold of 95% (+-1.96). This is consistent with some 
level of gene flow between the Loschbour and NE1 populations. 
 
When we investigate the genic European DAnc tail NE1 tends to contain, like 
Stuttgart, fewer alleles from the European tail than Loschbour. But the 
difference between NE1 and Loschbour is weak and not significant. 
(Supplementary Fig. 25). In fact, a PCA using only SNPs in the European 
DAnc tail shows Loschbour being closer to NE1 than to Stuttgart 
(Supplementary Fig. 24). Together these analyses suggest that although at 
the genome level the two farmers are very similar, NE1 already contained, 
perhaps by gene flow from hunter-gatherers, some of the highly differentiated 
European alleles that are absent in the Stuttgart genome.  
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